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Abstract
Severe flooding events have increasingly inundated the transportation infrastructure,
including road networks, across the world and the Unites States. Such extreme events induce
significant ingress of water into the pavement layers, which in turn leads to structural defects due
to the reduction of the shear strength and resilient moduli of the soil layers, asphalt stripping in
flexible pavements, pumping effect in rigid pavements, migration of fines into drainable layers,
and swelling of expansive soils. Consequently, premature pavement failure may take place that
can impose unforeseen maintenance/rehabilitation costs to highway agencies. Although some
experimental research studies have been conducted to assess the impact of flooding on pavement
structures, very few published records on the theoretical/mechanistic studies exist in this field.
Since the scope of experimental works are usually limited, it is critical to develop a more general
mechanistic framework for the assessment of various inundated sections. This study aims at
developing a framework for rapid and reliable prediction of the structural response of flexible
pavements to major rainfall events and flooding. After reviewing the literature, relevant software
packages were selected based on their relative merits of public availability and the accuracy of
their results. The selected software packages were utilized for hydraulic and structural modeling
of inundated pavement sections. Constitutive models and empirical correlations were extracted
from the literature to achieve optimal accuracy of the models with minimum number of inputs.
The developed models were then validated with experimental measurements and the results of
other numerical models published in the literature.
Parametric studies were carried out to assess the influence of material properties. It was
found that D60, as a measure of gradation of aggregate base, and rainfall intensity and duration, are
the most significant factors that influence the water migration within the pavement structures in
the aftermath of simulated rainfall events. Subsequently, a computational process for numerical
analysis that integrates the unsaturated hydraulic analysis with finite element structural
performance was developed and verified against field FWD data. Using this computational tool, a
vi

comprehensive database of the results of numerical analyses with various permutations of input
parameters was generated. This was achieved after several thousand runs by means of a highperformance computation facility. The generated input-output database was used to train several
data-driven machine learning algorithms (e.g. Artificial Neural Network, Support Vector Machine,
Random Forest Regressor, etc.). The advantage of these data-driven models is that they can rapidly
estimate the structural response of a submerged pavement represented by a number of inputs
without the need for performing cumbersome numerical analyses, which is critical for applications
at network level. This dissertation provides insight into the performance of pavements subjected
to major rainfall events and enables highway agencies to update their pavement management
strategies accordingly.
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Chapter 1: Introduction

Problem Statement
Climatic change has resulted in extreme events such as heavy rainfalls, severe floods and
harsh droughts. In the recent years, several major flooding events, usually accompanied by tropical
hurricanes, have occurred in the Unites States’ coastlines that have left tremendous social and
economical losses. Hurricanes Katrina, Sandy, Harvey, and Irma, to name a few, caused billions
of dollars damage to the infrastructure systems in Louisiana, New England, Texas and Florida.
Owing to the likelihood of the occurrence of similar events in the future, current infrastructure
management systems should take account of natural disasters, especially those associated with the
climate change, in their prediction models to maximize public safety and to minimize the economic
loss.
Pavement structures are vulnerable to two types of flooding, i.e. river and flash flooding.
Sustained water within the pavement structure can adversely influence the bearing capacity of the
pavement and result in its premature failure. In the case of extreme events, such as flooding,
significant ingress of water into the pavement is almost inevitable. The detrimental effects due to
the presence of water in pavement structures include the reduction of shear strength and modulus
of the soil layers, asphalt stripping in flexible pavements, pumping effect in rigid pavements,
migration of fines into drainable layers, frost/heave and thawing in cold regions, and swelling in
expansive soils (Huang, 2004). Premature pavement failures can impose unforeseen maintenance
and rehabilitation costs to highway agencies. They also may result in serious safety hazards to the
users.
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Because the weakened pavement sections cannot be completely closed to traffic for many
reasons, their deterioration rates may increase compared to the normal conditions. The overloading
of the pavement due to the passage of heavy vehicles, e.g. debris removal trucks and emergency/
construction vehicles, can exacerbate the situation (Helali et al., 2008). Under such circumstances,
highway agencies need to have a good understanding of their pavements’ response to the water
intrusion to be able to realistically take account of the impact of flooding event on the pavements’
performance during and after each event. This information will allow the agency to update their
pavement management system (PMS) for early maintenance/rehabilitation work.
Several researchers have reported in the literature the structural damage and premature
failures of inundated pavements. For instance, Gaspard et al. (2007) investigated the influences of
hurricanes Katrina and Rita on the transportation infrastructure of Louisiana. They tested several
submerged pavement sections in on-going construction projects. They found out that pavements
were damaged because the subgrade became very weak. They also reported that the damages were
more severe in asphalt pavements compared to the concrete ones. Sultana et al. (2016) conducted
a similar study in Queensland, Australia to assess the post-flood behavior of inundated flexible
pavements. They performed Falling Weight Deflectometer (FWD) tests on flooded as well nonflooded sections to demonstrate the relative damage of pavements due to submergence. They
suggested to assess the structural damage of a flooded section in a form of performance model (i.e.
structural number versus time). They proposed an empirical equation to estimate the reduction of
the structural number of the flooded sections as suggested by Austroads (2010) to evaluate the
immediate impacts of flooding on the pavements and the associated costs of future rehabilitation.
Despite several experimental research endeavor in this field, there exist very few published
records on the theoretical/mechanistic evaluation of post-flooding behavior of pavements. Since
2

the scope of experimental works is usually limited to the studied projects, it is critical to develop
a more general mechanistic framework for assessing the response of various inundated sections.
An integrated numerical modeling that incorporates the hydraulic as well as structural analyses
would provide comprehensive results in this regard. A rigorous hydraulic analysis based on the
unsaturated soil concepts is required for more reliable results. On the other hand, the structural
analysis can be conducted using linear or nonlinear elastic approaches. The use of both methods
is common in current pavement engineering applications.
Saad (2014) performed a series of coupled hydromechanical finite element analyses to
investigate the influence of water ingress into granular layers on the structural response of flexible
pavements to wheel loadings. Critical features governing the hydromechanical behavior of
pavements, such as unsaturated water flow and nonlinear structural behavior were included in
those analyses. He observed that under the extreme condition when both the base and subgrade
were saturated, the maximum surface deflection and tensile strain at the bottom of AC layer
increased by about 460% and 260%, respectively. Mallick et al. (2017) combined two distinct
hydraulic and structural analyses to predict the conditions of pavement after flooding. For
unsaturated hydraulic modeling, they used MnDrain, which is an Excel-based software package
developed by the Minnesota Department of Transportation (Voller, 2003). The outcome of the
hydraulic analysis was the degree of saturation versus time which in turn could be translated into
moduli of the layers as a function of time. Layered elastic analyses were then conducted to estimate
the surface deflection of flooded sections.
By the implementation of either coupled or combined analyses, one will be able to predict
the response of inundated pavement sections provided that the models’ inputs, including material
characterization and initial/boundary conditions are chosen adequately. Such detailed analyses are
3

cumbersome and hence cannot be used for network-level applications. Instead, a less sophisticated,
yet reliable, theoretical framework is required to provide the decision-makers with reasonable
estimate of the pavement sections’ structural response to flooding.
Objectives
The main purpose of this research is to develop a framework for rapid and reliable
prediction of the structural behavior of flexible pavements subject to major rainfall events and/or
flooding. This study is also aimed at investigating the significance of the factors which influence
the post-flood response of pavements. After reviewing the literature, appropriate numerical
methods and software packages were selected based on the relative merits of availability and
computational rigor (i.e. the accuracy of results). The selected software packages were used for
hydraulic and structural modeling of inundated pavement sections. The material properties as well
as the boundary conditions needed to be determined as realistically as possible to achieve
dependable results. At the same time, the number of input parameters in this framework should be
minimized to make it practical for network-level purposes. Different constitutive models and
empirical correlations were evaluated to reach to the optimal accuracy with minimum number of
inputs. The developed models were validated with experimental measurements and the results of
other numerical models published in the literature.
Once the software package for numerical modeling was chosen, a parametric study was
carried out to assess the influence of material properties, such as hydraulic conductivity, aggregate
gradation, etc., and environmental conditions, such as rainfall intensity and duration, on the
pavement’s responses. The structural response of the inundated section can be represented in
different forms such as surface deflection, tensile strain at the bottom of AC layer or the remaining
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life. The results of that sensitivity analysis provided an insight into the hydro-mechanical behavior
of flexible pavements that are likely to experience extreme wetting periods.
The final stage of this research pertained to development of a comprehensive database
consisting of the results of numerical analyses with various permutations of input parameters. The
development of that database required extensive numerical analyses of thousands of representative
pavement sections. To that end, an automated routine was developed in a programming medium.
The generated input-output database was used to train data-driven machine learning (ML) models,
such as Artificial Neural Network (ANN), Support Vector Machine (SVM), Random Forest (RF)
Regressor, etc. The advantage of such data-driven models is that they can quickly estimate the
structural response of a submerged pavement represented by several inputs without the need for
performing tedious numerical analyses. To obtain a reliable generalized data-driven model, ML
optimization strategies, such as cross validation and grid searching, were considered.
Structure of the Research
This section explains a detailed work plan including the tasks and subtasks contemplated
to accomplish the objectives of this research.
Task 1: Investigating the State of Practice
The first step in any research activity would be thorough investigation of the state of
practice and survey of the current literature. Since the main purpose of this research is rapid and
realistic evaluation of flexible pavements’ responses to flooding events, the literature review
encompassed the following areas of study: unsaturated soil-water interaction, water movement
models, and the structural response of pavements to water intrusion (especially due to flooding).
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Accordingly, an extensive literature review was conducted as briefly documented in chapter 2 of
this dissertation.
Subtask 1-1: Evaluation of Existing Water Movement Models
A variety of computer software packages are available for modeling water movement in
porous media. These models differ in many aspects. The first key difference is saturated versus
unsaturated flow assumptions. In some applications, e.g. underground flows, saturated
assumptions hold reasonably true. However, water movement in pavement structures generally
occurs under unsaturated conditions. The governing equation for unsaturated flow of water in
porous media is that of Richards. Different numerical approaches, mainly finite element and finite
difference methods, have been developed to solve the Richards’ equation. The computer models
are evaluated regarding the numerical method and their advantages/disadvantages in terms of the
accuracy of results as well as the computational effort. The other aspect which needs to be
considered at this stage is the availability of the computer model (either free or proprietary). This
can be important since the purpose of this research is to focus on affordable tools for estimating
the impacts of flooding on the pavements at network level.
Subtask 1-2: Selecting the Constitutive Models and Empirical Correlations
Although a rigorous and detailed model with too many input parameters might provide
accurate results, it may not be appropriate for the network-level decision making purposes. Instead,
a relatively simple approach that relies on few inputs and generates reasonably accurate estimates
of pavements’ response would be desirable. The purpose of this subtask is seeking for constitutive
models and correlations which reduce the number of input parameters, and hence the need for
performing several tests to measure those parameters. These correlations are utilized in material
6

characterization (e.g. SWCC and SPCC functions) as well as estimation of the initial/boundary
conditions based on environmental and geographical factors.
Task 2: Selection and Validation of Hydraulic Model
After the evaluation of the existing water movement models, the finite difference code
VS2DI was selected for the hydraulic analysis. That free software package performs numerical
analysis of unsaturated flow at reasonably low computational effort. In addition, the source code
of that program is publicly available, which allows for manual changes and automated analyses as
further discussed in Task 5.
The inputs required for the hydraulic analysis mainly include the geometry of the section,
hydraulic properties of the material, such as SWCC and SPCC, and initial/boundary conditions.
As mentioned before, the unnecessary parameters are minimized at this stage by the incorporation
of well-developed correlations. The outcome of this analysis would be a measure of water content
(e.g. degree of saturation) as a function of depth (i.e. cross sectional profile) and time.
In order to ensure the validity of the hydraulic analysis, the results should be compared to
their dependable counterparts. In this study, the results of our numerical modeling were validated
through comparison to the published experimental data as well as those of other computer models.
Task 3: Sensitivity Analysis
In this task, sensitivity analyses were conducted to investigate the influence of different
parameters on the hydro-mechanical response of flooded pavement sections. Two general
strategies were followed for this purpose. In the first approach, one parameter was changed within
a rational range while the others were kept constant at their nominal values. This parametric study
provided an insight into the significance of each parameter in the response of pavement. More
7

rigorous statistical analyses, e.g. Spearman’s correlation analysis, were performed to evaluate the
significance of different parameters in the model’s output, e.g. the degree of saturation. Chapter 3
of the dissertation is dedicated to Tasks 2 and 3.
Task 4: Integration of Structural Model to Generate Database of Inundated Pavement
Responses
This task pertains to the integration of the structural analysis into the outcomes of the
hydraulic model. Tirado et al. (2007) developed a finite element software package, called IntPave,
at The University of Texas, El Paso for the calculation of pavement responses to the traffic loading.
This computer model is utilized for the purpose of Task 4.
The primary responses of the pavement, such as surface deformation or tensile strain at the
bottom of the asphalt layer, can be calculated by means of the distress models incorporated into
IntPave. That program utilizes an optimized 3D mesh which becomes more refined in the vicinity
of tire contacts, where the load is applied, for a faster analysis. IntPave can be used for any axle
configuration and load combinations for developing realistic structural models of pavements.
One of the key parameters required for the structural analysis is the resilient modulus (MR)
of each material. The MR values need to be updated based on the degrees of saturation calculated
from the hydraulic analysis. Several correlations have been proposed for the estimation of resilient
modulus of moisture-susceptible aggregate material. The most widely used correlation in
pavement engineering applications was proposed by Witczak et al. (2000).
The objective of this study is to develop a framework that can lead to a public-domain
software that highway agencies can use on a regular basis to conduct a rigorous analysis of the
moisture-related structural damage in flexible pavements. As stated before, the structural responses
were primarily calculated in terms of the surface deflection and/or critical stress/strains in different
layers. However, such structural responses are not of interest for network-level evaluation. Instead,
8

PMSs require more general performance measures such as deterioration models and estimates of
pavement’s remaining life. The primary structural responses calculated from IntPave were
translated into a performance measure (e.g. remaining life of the pavement). This is the final stage
of the hydromechanical analysis of flexible pavements subjected to flooding and its results were
used to develop a comprehensive database as explained in the next task.
A theoretical framework was introduced to evaluate the post-flood hydromechanical
response of pavements to flooding events as elaborated in Chapter 4 of the dissertation.
Subsequently, Chapter 5 links the numerical hydromechanical modeling to the development of a
data-driven model.
Task 5: Development of a Data-Driven Model Using Machine Learning Techniques
In this task, a large-enough database was created using the results of hydromechanical
analyses. The size of this database was controlled by the number of input features and the type of
data-driven model used. The database should include all possible permutations of the input
parameters varying within their practical ranges. This required numerous analyses to be conducted.
Therefore, several routines were developed in MATLAB environment to perform all the hydromechanical analyses automatically.
Machine Learning (ML) techniques, such as ANN, GP, SVM, etc., have been extensively
used in many applications as powerful data-driven models. In this research, different ML models
were evaluated, and one was utilized to predict the target function, i.e. the structural response. In
order to develop a generalized ML model with reliable predictions, adequate algorithms, such as
cross validation and grid/random search, were used at this stage. Chapter 6 summarizes the
outcomes of Task 5.
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Significance of the Research
This study is probably the first attempt to evaluate rigorously the hydraulic and structural
responses of flexible pavements subjected to flooding events. The use of well-established
correlation as well as statistical analyses reduce the number of the parameters involved in this
problem. Particularly, this work is of practical significance when highway agencies and
practitioners are concerned. For the sake of simplicity, many existing models assume the pavement
as fully saturated for similar analyses. However, the current research benefits from an open-source
finite difference model which enables more realistic unsaturated characterization of the water
movement in pavement layers. Compared to more sophisticated FEM codes, this model performs
analyses at considerably less computational effort. Consequently, numerous analyses can be
performed to generate a comprehensive database. The database, in turn, is the basis for
development of a data-driven ML model which allows for real-time estimation of post-flood
behavior of pavements. Such a model is an ideal tool for network-level decision making purposes.
The database can be further studied in the future to extract useful information regarding the
performance of inundated pavements.
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Chapter 2: Background and Literature Review

Introduction
In this chapter a brief review of the literature related to various aspects of the proposed
research as well as their theoretical backgrounds are presented. Since this is a multifaceted study,
this chapter has distinct sections. First, the works associated with the unsaturated characterization
of granular materials are reviewed and some fundamental concepts are introduced. Subsequently,
different computer models that can be used for modeling water movement in granular media are
investigated. The works that are based on field measurements of the pavements’ post-flood
response are also covered. The next section of the literature review focuses on the computational
models of flooded pavements. Finally, the applications of machine learning (ML) techniques as a
component of this research are reviewed.
Unsaturated Characterization of Granular Material
The hydrological cycles, including precipitation, infiltration and evaporation, results in
continuous change in the water content of granular layers above the free ground water table.
Although inundated pavements and their underlying layers (i.e. the natural subgrade soil) undergo
some saturation periods, they should be generally considered as partially saturated over the course
of the analysis. In other words, realistic evaluation of pavement structures, which are composed of
aggregate layers, requires the implementation of unsaturated water movement models. From
hydraulic analysis viewpoint, the unsaturated characterization of granular material entails two key
concepts namely Soil Water Characteristic Curve (SWCC) and Soil Permeability Characteristic
Curve (SPCC) (Lu and Griffiths, 2004). SWCC represents the gravimetric/volumetric water
content or the degree of saturation as a function of soil suction (Fredlund et al., 2012). On the other
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hand, the dependence of unsaturated permeability (a.k.a. hydraulic conductivity) to the suction is
represented as SPCC.
Several closed-form empirical and analytical equations have been proposed to represent
SWCC (e.g. Gardner, 1958; Brooks and Corey, 1964; and Van Genuchten, 1980; McKee and
Bumb, 1987; Fredlund and Xing, 1994). These equations can be generally categorized as two- and
three-parameters equations. The latter can provide more flexibility for best-fit analysis (Fredlund
et al., 2012).
Leong and Rahardjo (1997a) reviewed and compared the most popular equations for
SWCC. They concluded that the equation proposed by Fredlund and Xing (1994), i.e. the
following equation, has the best overall performance among the others:





h 

ln1 +   


hr  
 sat


 w = 1 − 

c

b
 106     


   ln exp(1) +  h   
 ln1 +
hr    
 a  


  
 

(2.1)

where, w is volumetric moisture content; sat is saturated volumetric moisture content; a, b, c, and
hr are fitting parameters. Parameter a is primarily a function of air entry value, b is primarily a
function of the rate of water extraction when the air entry value is exceeded, c is primarily a
function of the residual water content, and hr is primarily a function of suction at residual water
content.
ASTM D6836-16 provides a detailed description for laboratory determination of SWCC.
The equipment used for such measurements is mainly composed of pressure chambers with a high
air-entry ceramic disk. The shape of SWCC is influenced by the soil’s texture, percentage of fines
and grain size distribution (Azam et al., 2013). The air entry value (AEV) typically increases with
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the increase in the percentage of fines. Moreover, higher percentage of fine particles results in a
higher initial water content as well as a higher water content at a given suction value (Fredlund
and Xing, 1994). SWCC can be obtained through measurement of the soil water content at several
different suction values. Han et al. (2016) indicated that since the laboratory determination of
SWCC was time-consuming, significant effort had been made to predict the SWCC based on
limited number of experimental data.
Johari et al. (2006) classified the methods used for estimation of SWCC based on basic soil
properties into four major groups. In the first method, the water contents corresponding to different
matric suctions are estimated using statistical techniques. Subsequently, the water contents and
soil properties at a given suction are correlated using regression analysis and curve-fitting
procedures (e.g. Gupta and Larson, 1979; Saxton et al., 1986). In the second method, regression
analysis is performed to correlate the fitting parameters of an analytical SWCC equation with basic
soil properties (e.g. Ahuja et al., 1985; Zapata, 1999; Chin et al., 2010). In the third method, a
physics-based conceptual model is considered as the basis for estimation of SWCC. An example
of such conceptual model in this category is the translation of the grain size distribution curve to
the pore size distribution (Arya and Paris, 1981; Smettem and Gregory, 1996; Aubertin et al.,
2003). In the fourth method, ML techniques, e.g. Artificial Neural Networks (ANN) and Genetic
Programming (GP), are trained over a validated database to gain the capability of prediction of
SWCC (e.g. Johari et al., 2006; Garg et al., 2014). Zapata (1999) observed that the models under
the second category, which estimated the fitting parameters of an SWCC equation using statistical
correlations, produced generally more reliable predictions when compared with actual
measurements. She collected the data from approximately 190 different soils to propose relations
for estimating the fitting parameters of Fredlund-Xing equation. For soils with the plasticity index
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(PI) greater than zero, the main property for correlation was assumed to be the product of fraction
of material passing sieve #200, P200, as decimal, and PI as percentage. The following correlations
were found by Zapata for the soils with P200PI > 0:
a = 0.00364( P200 PI )3.35 + 4( P200 PI ) + 11

(2.2)

b
= −2.313( P200 PI )0.14 + 5
c

(2.3)

c = 0.0514( P200 PI )0.465 + 0.5

(2.4)

hr
= 32.44 exp(0.0186( P200 PI ) )
a

(2.5)

On the other hand, for non-plastic, or coarse-grained, soils with PI = 0, D60 in millimeters was
considered as the main property in the following correlations:

a = 0.8627( D60 ) −0.751

(2.6)

b = 7.5

(2.7)

c = 0.1772 ln(D60 ) + 0.7734

(2.8)

hr
1
=
a D60 + 9.7 exp(−4)

(2.9)

In a subsequent study, Zapata and Houston (2008) attempted to improve the accuracy of
the original Zapata’s relationships. They pointed out that the data used in the original Zapata’s
analyses were obtained from the tests in which no corrections were applied regarding the volume
change when calculating the degree of saturation. They tested 83 different soils with a new pressure
plate device in order to apply the volume change corrections. They also used the best 134 SWCC
curves that were implemented in the EICM Version 2.6 and proposed the following correlations.
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(a) For non-plastic soils:
a f = 1.14a − 0.5

(2.10)

b f = 0.936b − 3.8

(2.11)

c f = 0.26e0.758c + 1.4 D10

(2.12)

hrf = 100

(2.13)

4.34
a = −2.79 − 14.1log( D20 ) − 1.9  10−6 P200
+ 7 log(D30 ) + 0.055D100

(2.14)

where

D100 = 10
m1 =

 40

 + log( D60 ) 
 m1


(2.15)

30
[log( D90 ) − log( D60 )]

(2.16)

Since negative values of af would lead to erroneous results, that parameter was limited to 1.0.
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1.19  0.1
b = 5.39 − 0.29 ln  P200  90  + 3D00.57 + 0.021P200
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D0 = 10
m2 =

 −30

+ log( D30 ) 

m
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(2.18)

20
[log( D30 ) − log( D10 )]


1
c = log m12.15 − 1 −
 b
f


(

)

(2.17)

(2.19)






(2.20)

(b) For plastic soils:

a f = 32.835ln(P200 PI ) + 32.438

(2.21)

b f = 1.421( P200 PI ) −0.3185

(2.22)
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c f = −0.2154ln(P200 PI ) + 0.7145

(2.23)

hrf = 500

(2.24)

Zapata and Houston (2008) compared their correlations with those originally proposed by
Zapata (1999) in terms of the errors associated with the SWCC predictions. As summarized in
Table 2.1, the new correlations were of better accuracy than the original ones. However, the fact
that more parameters are involved in the correlations of Zapata and Houston (2008) may be
considered as a negative factor in practical implementations. On the other hand, although the
original Zapata’s correlations may provide rough estimates in some cases, they are ideal for
practical purposes since each soil category (plastic or non-plastic) is represented by one parameter
only.
Table 2.1: The error of correlations proposed for SWCC prediction (Zapata and Houston, 2008)
Non-plastic soils

Percent mean algebraic error

ZapataHouston
(2008)
8.6%

Percent mean absolute error
Se/Sy*

Parameter

Plastic soils

88.5%

ZapataHouston
(2008)
0.1%

14.8%

88.5%

9.2%

23.9%

0.65

1.01

0.70

0.91

Zapata
(1999)

Adjusted R2
0.58
-0.02
0.51
*
Se = the sum of the squared error based on measured; Sy = the mean squared error

Zapata
(1999)
20.4%

0.18

The unsaturated relative hydraulic conductivity function (SPCC) is usually determined
indirectly based on the SWCC (Rahimi and Rahardjo, 2015). The SPCC function can be estimated
by means of empirical correlations with the parameters of the SWCC (Leong and Rahardjo,
1997b). SPCC can be also constructed analytically from SWCC. For instance, Fredlund et al.
(1994) proposed the following modification to the equation proposed by Mualem (1986) to obtain
the relative permeability from SWCC curve ( ):
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where,  is the degree of saturation at a given suction (); s is saturated water content; aev is
AEV (which is approximately equal to the parameter a in Equation 2.1). Figure 2.1 summarizes
the state of practice for unsaturated characterization of granular materials for the purpose of current
study.

Figure 2.1: Summary of the current approaches for unsaturated characterization of granular
material.
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Water Movement Models
Several computer models have been developed to simulate the movement of water in
porous media for geotechnical, hydrological and agricultural applications. Many of those models
use numerical methods (e.g. finite element, finite difference, and finite volume) to solve the
Richards’ equation (Van Dam and Feddes, 2000). In this section, the computer codes that can be
used for pavement structures, especially with granular base layers, are reviewed.
Several researchers have developed computer models for water flow in pavement layers.
For instance, Alonso (1998) presented a comprehensive water movement model within pavements
by coupling mass and heat balances with mechanical deformation in unsaturated bases and
subgrades. Several constitutive equations, e.g. Van Genuchten water retention curve, Darcy’s law
for estimating convective water flow as a function of hydraulic conductivity and water retention
curve, and Fick’s law for estimating vapor diffusion through air, were incorporated in his model.
Only commercial or open-access models that are publicly accessible are introduced herein.
DRIP: This program was first developed by Wyatt et al. (1997) and further improved by Mallela
et al. (2002) for design and analysis of pavement subsurface drainage systems. From the
perspective of modeling the water movement in granular media, the analysis conducted by DRIP
is based on the initial work of Moulton (1980). Thanks to its graphical user interface (GUI) and
limited number of input parameters, the model can be readily used by users with general
knowledge of pavement engineering. Different geometries, material properties and moisture
intrusion mechanisms may be selected by the user. However, the fundamental forms of the
unsaturated flow and conductivity characteristics cannot be determined through the GUI. The
design outputs of DRIP include the depth-of-flow as well as the time-to-drain as estimates of the
drainage performance under saturated conditions.
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MnDRAIN: This model, which can be used for evaluating the effectiveness of edge drains design
(Voller, 2003), solves the Richards’ equation using control volume finite element (CVFE) method.
MnDRAIN simulates the variations of water content, θ, in the base (and subbase, if any) and
subgrade with time so that the degree of saturation and time-to-drain can be determined. That
model can take into account the interaction of θ in the base and subgrade. The user interface of
that computer program, which is presented in Microsoft Excel environment, invokes the
computational finite element engine developed in FORTRAN. One major drawback of MnDRAIN
is that it can be used only for three drainage configurations with predefined boundary/initial
conditions. Nonetheless, further modifications to MnDRAIN is feasible since its source code is
publicly available (as an example see the work of Papanicolaou et al., 2015).
EICM: The Enhanced Integrated Climatic Model (EICM) is a finite difference computer program
that considers the effect of climatic factors on the pavement structure. EICM is a one-dimensional
coupled heat and moisture flow model initially developed for FHWA as a part of the AASHTO’s
Mechanistic-Empirical Pavement Design Guide (MEPDG). EICM has undergone several revisions
since its initial development at early 1990s. The original version was referred to as the Integrated
Climatic Model, ICM (Lytton et al., 1993). EICM is composed of four separate components
namely: the Climatic-Materials-Structures Model (CMS), the Precipitation Model, the Infiltration
and Drainage Model (ID), and the CRREL Frost Heave and Thaw Settlement Model.
EICM can calculate pore water pressure, temperature, frost and thaw depth, frost heave,
and the resultant changes in elastic modulus of the material. Although it accounts for the water
movement throughout the pavement, it is too general in scope to be regarded as an effective tool
for the investigation of drainage performance, especially in case of short-term events (such as
heavy rainfalls).
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Several efforts have been made to validate EICM predictions. Ahmed et al. (2005)
evaluated the EICM (Version 3.0) to determine its suitability in predicting subsurface temperature
and moisture conditions in New Jersey pavement sections. They did not observe strong correlation
between the EICM predictions and field measurements. Taamneh (2009) conducted a similar study
for Ohio sites and observed that Version 3.2 provided more reliable predictions than Version 3.0.
However, Taamneh observed some variations between the measured and predicted values. He
concluded that more improvement of EICM was necessary.
HYDRUS: This commercial software package can be used for modeling water, heat, and solute
migration in one-, two- and three-dimensional variably saturated media. HYDRUS consists of a
finite element computer program and a well-developed interactive GUI. The unsaturated soil
hydraulic properties may be described using Van Genuchten, Brooks and Corey, and modified
Van Genuchten type analytical models. The free HYDRUS-1D package, which has been released
by the developers for the United States Geological Survey (USGS) groundwater flow model, can
be regarded as a useful and practical tool for integrating the unsaturated zone with saturated zone
flow simulation (Yu and Zheng, 2010). There are some reports in the literature on the application
of HYDRUS for modeling water movement in pavement systems with desirable degree of
accuracy (e.g. Apul et al., 2002; Illgen et al., 2007).
VS2DI: This is a graphical software that can be used for modeling one- and two-dimensional flow
in variably saturated media (Hsieh et al., 1999). VS2DI is a finite difference model that solves
Richard’s equation for water movement under various initial and boundary conditions.
Characteristics relations between the moisture content, hydraulic heads and relative hydraulic
conductivity may be represented by several predefined models or by tabular data points. VS2DI
GUI consists of a preprocessor as well as a postprocessor. The preprocessor is used to define the
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model’s domain, hydraulic and transport properties, initial and boundary conditions, grid spacing,
and other model specifications. Once all the required data have been entered into the preprocessor,
the simulation results are displayed for each time step through a simple animation representation
by the postprocessor. Simulation results can be displayed as contours of pressure head, moisture
content, saturation, velocity, or flux.
Some researchers have successfully modeled the unsaturated flow in pavement layers using
VS2DI. For instance, Stormont and Zhou (2005) used VS2DI to study the performance of a
pavement system with edge drain subjected to surface infiltration. They acknowledged the
uncertainties associated with such a numerical analysis due to a lack of confidence on unsaturated
hydraulic properties of the material. They observed that the numerical results were generally
consistent with the field observations. VS2DI can be freely downloaded via USGS website.
SEEP/W: This 2-D finite element software package, which is part of GEOSTUDIO suite of
programs from Geo-Slope International, employs a Galerkin finite element scheme to solve the
Richards’ equation for total heads. The final system of algebraic equations, written in terms of the
total head, is solved using the Gaussian elimination method. One can perform both saturated and
unsaturated flow analyses with SEEP/W package. The software package provides the options for
either choosing or inputting the SWCC as well as SPCC. A database of typical unsaturated
hydraulic properties is also included, where SWCCs can be estimated based on the grain size
distribution curves. Another water flow modeling software package, called VADOSE/W, is also
available as a part of GEOSTUDIO for taking into account the interaction between the soil profile,
vegetation, and environmental conditions.
SEEP/W is regarded as a comprehensive analysis tool and thus it has been widely used for
modeling water movement in pavement structures. Ariza and Birgisson (2002) utilized SEEP/W
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to investigate water movement through pavement systems in Minnesota. A good match was
observed between the numerical results and field-measured time domain reflectometry (TDR)
data. Minor adjustments, however, in the unsaturated soil hydraulic properties were required. This
highlights the importance of obtaining actual measured soil water characteristic curves, rather than
selecting predefined ones, to achieve the best outcome. Taamneh et al. (2011) conducted a
comprehensive parametric study of representative pavement subsurface drainage system using
SEEP/W. They investigated the influence of several parameters including: the base and subbase
hydraulic conductivity, base layer thickness, pavement cross-slope, drainage length, and D60 of the
base layer on the performance of the drainage systems. They performed statistical analyses on the
results of the numerical models to derive a regression-based equation along with design charts for
estimating the time-to-drain 50% of free water, T50, in a pavement section.
Table 2.2 provides a summary of the above discussion on the existing computer models
that can be used for water movement in pavements. Potential strengths and limitations of each
model as well as their availability are also listed in this table.
Field Studies of the Effects of Flooding on Pavements
In response to the 2005 Hurricanes Katrina and Rita, the Louisiana Department of
Transportation and Development (LADOTD) evaluated their state highways to determine the
extent of damage to the submerged pavement sections (Gaspard et al., 2007; Zhang et al., 2008).
A total of 238 miles of state highway pavements (asphalt, PCC and composite types) in the greater
New Orleans area at 0.1-mile intervals were evaluated in that study. The testing program included
FWD, Ground Penetrating Radar (GPR), and Dynamic Cone Penetrometer (DCP). Coring was
also carried out at selected locations for thickness and damage verification. Since no pre-flood data
was available, non-submerged sections were considered as the control set.
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Table 2.2: Computer models for simulating water movement in porous media
Model

Developer

Numerical
Method

Strengths

Limitations

Availability

The analysis is
based on saturated
assumptions;
fundamental forms
of the unsaturated
moisture and
conductivity
characteristics may
not be assigned

Freely available

Easy to work with
its MS EXCEL user
interface;
predefined material
properties are
available; the
source code is
available, in
Fortran, and may be
modified for
specific purposes

Limited geometries
and boundary
conditions are
available; there are
some problems in
running the
program; has not
been regularly
updated since its
initial release

Freely available

Finite
Difference

The influence of a
wide range of
climate factors on
the pavement
structure are taken
into account

General scope of
the model limits its
applicability for
analysis of drainage
systems in
particular; some
disagreements
between its
predictions and
field measurements
have been reported

It is a part of
MEPDG, a.k.a.
AASHTOWare,
(an individual
license costs
$5500 annually)

Finite
Element

Many functions are
provided for
simulating
hydraulic
conductivity versus
water content; can
perform one-, twoand threedimensional
analyses; welldesigned GUI

Some problems in
external linkage
with other files and
programs; user’s
guide lacks
technical detail
about model
features

1-D version is
available for
free, and 2D/3D
version prices
start at around
$1200

Uses approximate
analytical methods;
DRIP

MnDRAIN

EICM

HYDRUS
(1-D and
2D/3D)

ARA
(for FHWA)

Voller
(2003)

ARA
(for FHWA)

IGWMC in
collaboration
with UC
Riverside,
and PcProgress

-

Control
Volume
Finite
Element

it is suitable for
rapid and easy
design of
subsurface drainage
systems

23

Table 2.2: Computer models for simulating water movement in porous media (continued)
Model

VS2DI

SEEP/W
(and
VADOSE)

Developer

Hsieh et al.
(1999),
for USGS

Geo-Slope
International

Numerical
Method

Strengths

Limitations

Availability

Finite
Difference

Simulates
unsaturated,
transient, twodimensional flow in
pavement sections;
making a model is
easy and straightforward

Complex
geometries might
not be modeled

Freely available

Finite
Element

Performs a
sophisticated
analysis with
reasonable results,
provided that the
inputs are carefully
selected and the
model is well
calibrated

Computationally
intensive;
expensive due to
commercial
distribution

A student
version is
available for
free; the
commercial
licenses start
from $4500

The strength loss of each section was expressed as an equivalent thickness of asphalt
concrete using standard pavement design methods. On average, the structural loss of the asphalt
pavements was found to be equivalent to nearly 50 mm (2 in.) of new AC. Thinner asphalt sections
were found to be weaker compared to the thicker ones. On the other hand, PCC pavements were
reported to undergo little relative damage as a result of submersion. Although the loss of strength
of the PCC pavements after flooding was found to be minimal, thicker overlay might be required
due to other factors such as pavement smoothness. It was also observed that he duration of
submergence was not an influential factor for both the asphalt and PCC pavements.
Similarly, Helali et al. (2008) evaluated almost 20% of the road network of Jefferson Parish
(JP), LA, after the 2005 hurricanes. Thanks to JP’s comprehensive PMS, they could properly
estimate the pre-hurricane conditions of the pavement sections in terms of roughness, deflection
and distress. Helali et al. (2008) pointed out that undetected damages to the sections submerged
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for weeks, or to those subject to unusually heavy traffic loads would cause premature failures for
which no emergency funding might be available. They also conducted extensive network-level
field testing and coring to evaluate the post-hurricane condition of the sections. In the case of
flexible pavements, the difference in the structural number of flooded sections and control sections
could be as high as 3.6, which is equivalent to more than 190 mm (7.6 in.) of new AC.
Vennapusa et al. (2013) visited selected sites in western Iowa to carry out situ testing, such
as FWD, DCP and GPR, on bridge abutment, paved/unpaved roadways and culverts to assess the
influence of 2011 Missouri River flooding on Iowa’s transportation infrastructures. The
performance of the flooded and non-flooded pavements was evaluated through monitoring their
subsurface layers’ characteristics over time. No significant structural failure was observed in the
HMA surface layers (except for shoulder erosion in some areas). However, the subsurface layers
in the flooded zone were found to be appreciably weaker compared to the non-flooded zone. For
instance, CBR of the flooded subgrades was reported to be on average 10 times smaller than that
of non-flooded subgrades. As a part of this research, a catalog of different field assessment
techniques as well as potential repair/mitigation solutions was developed to assist county and city
engineers in future flooding events.
Shamsabadi et al. (2014) addressed the incorporation of extreme events such as flooding
and heavy snowstorms into pavement deterioration models. They used the long-term pavement
performance (LTPP) and National Oceanic and Atmospheric Administration (NOAA) databases
to quantify the effects of such events on flexible pavements. They developed an IRI-based
deterioration model using statistical (regression) analysis. Two distinct modified models were
presented for flood and snowstorms events regarding intensity/duration of the event as well as the
pavement’s condition prior to the event.
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Sultana et al. (2016) conducted a similar study in Australia and proposed a modification to
the deterioration model formulated in terms of the modified structural number (SNC). They
collected FWD data from pavement sections in flooded areas of Brisbane to analyze the pre-flood
and post-flood maximum deflections and SNC data. Although this modified model could make
reasonable predictions in the studied locations, its applicability to other conditions was in question.
Sultana et al. (2016) pointed out that their proposed model might be further improved if parameters
such as moisture content and CBR of subgrade were considered in the analysis.
Khan et al. (2017) developed probabilistic pavement performances and deterioration
models regarding likelihood of flooding and MR loss due to flooding in the first year. These models
were developed using nonhomogeneous transition probability matrix (TPM) as well as Monte
Carlo simulation and were found to be consistent with actual field data of some roads in Logan,
Australia. The analysis encompassed 27 representative road groups for the network with respect
to three pavement types (flexible, rigid, and composite), three loading types (low, moderate, and
high), and three levels of strength (poor, fair, and strong). Regarding the type of pavement, rigid
pavements performed better compared to composite and flexible road groups in the aftermath of
flooding. This is in line with the observations of Gaspard et al. (2007). Regarding the loading type,
high-loading road groups perform better than medium- and low-loading roads mainly due to their
higher maintenance standards. For similar reason, strong pavement road groups perform better than
pavements with fair and poor strength.
Recently, the impact of Hurricane Harvey on the road and street networks in the Texas and
Louisiana was studied by Romanoschi (2019). This study was based on comparing the measured
condition of each street/pavements section after the flooding with that predicted from the data
collected before the flooding. GIS maps which are normally used for pavement management
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systems (PMS) by cities or state officials were utilized to estimate the increase in rehabilitation
works due to the damage caused by the flooding. This is one the drawbacks of the methodology
proposed by Romanoschi (2019). He pointed out that Texas Department of Transportation
considers PMS data as sensitive information, and thus, these data could not be acquired for the
state highways in the area affected by Hurricane Harvey. On the other hand, with the required data,
this framework can provide useful information which will be employed to reasonably update
rehabilitation operations (Fig. 2.2).

Figure 2.2: Updating the deterioration model and rehabilitation year due to flooding
(Romanoschi, 2019).
Computational Models
Few studies have been performed regarding the numerical analysis of pavements’ structural
behavior in presence of water. One of the first attempts to numerically simulate the hydromechanical performance of pavements was made by Kettil et al. (2005). They modeled the water
flow induced by the moving wheel using finite element analysis assuming the pavement remains
fully saturated throughout the analysis. They indicated that several issues, such as water pressure
oscillations and stability of the three-dimensional model, needed to be resolved.
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Dong et al. (2008) performed a three-dimensional finite element analysis to assess the
mechanical response of saturated flexible pavement to dynamic loading based on Biot
consolidation theory. They developed a laboratory test procedure to study the influence of coupled
water/loading action on the performance of asphalt mixtures. The numerical analysis revealed that
the ingress of water changed the stress distribution within the pavement layers. They observed
significant reduction in the fatigue life of the asphalt pavement due to the simultaneous effect of
moisture and traffic loading. Similar to the study by Kettil et al. (2005), the major drawback of
that study was the hypothesis of fully saturated condition.
Rainfall-induced distresses in low-volume pavements were modeled numerically by
Hedayati (2014). The main objective of that study was the investigation of volumetric
deformations of expansive subgrade soils and their influence on pavement structures. Using
ABAQUS software package, Hedayati developed a comprehensive finite element model of lowtraffic roads (the AC layer was put directly over the natural subgrade). In addition, Hedayati
conducted a parametric study on the behavior of pavements in response to the variations of rainfall
intensity/duration, the return period, and surface temperature. She incorporated unsaturated
constitutive models (SWCC and SPCC) as well as temperature variations into her numerical
analysis. Although she developed a rigorous coupled 3-D numerical model, her model did not
address the response of the base layer which largely contributes to the bearing capacity and
structural performance of the pavement.
Saad (2014) reported the results of coupled finite element analyses of the hydro-mechanical
performance of flexible pavements when excess water was introduced to the pavement. Saad
considered the critical features governing the response of granular layers, i.e. the transient
unsaturated flow and the nonlinear behavior under moving wheel loads in those simulations. He
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used the general-purpose finite element code ABAQUS with the top AC layer assumed to be
linearly elastic. He assumed that the base and subgrade moduli were proportional to the effective
confining pressure. The SWCCs of the base and subgrade as well as the SPCC of the base were
adopted from Rabab’ah (2007). The SPCC of the subgrade soil was estimated from its SWCC and
the saturated permeability as proposed by Van Genuchten (1980).
Since Saad did not model the rainfall infiltration, his results cannot be directly used for
evaluating the post-flood behavior of flexible pavements. However, the findings of that research
can provide an insight into the influence of moisture intrusion on the structural performance of
pavements’ foundations. He observed that the excess water resulted in suction reduction which in
turn increased the deterioration rate of the pavement (characterized by surface deflection). Based
on a sensitivity analysis, he concluded that the saturated permeability of granular base was the
most critical parameter affecting the hydro-mechanical response of flexible pavements.
Integration of two distinct models, namely hydraulic and structural models, is another
strategy for analyzing the performance of inundated pavements. In this approach, a hydraulic
model is initially developed to estimate the moisture regime within the pavement during and/or
after the rainfall event. The moisture profile can be translated into modulus profile of the
submerged section, which in turn will be fed to the subsequent structural model. For example,
Mallick et al. (2017) modeled a three-layer pavement structure, composed of HMA surface layer,
aggregate base and natural subgrade. They assumed that the base layer was fully saturated at the
beginning of the analysis (i.e. the initial condition).
An overview of the framework proposed by Mallick et al. (2017) for analysis of post-flood
response of flexible pavements is illustrated in Figure 2.3. They then used MnDRAIN to determine
the degree of saturation of the base layer as a function of time, followed by a layered elastic
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analysis to evaluate the pavements’ structural responses under traffic loading. They related the
modulus of the base to its degree of saturation. They used the surface deflections calculated from
the base and other layers’ moduli for different combinations of loading and pavement conditions
as the performance indicators. This analysis indicated that the saturation of base layer gradually
decreased over time, which was synonymous with gradual increase of its modulus. The trend of
the post-flood strength regain, however, was not unique for different situations.
Mallick et al. (2017) conducted a parametric study to investigate the influence of five key
factors, namely the subgrade resilient modulus, HMA layer thickness, base layer thickness, HMA
layer modulus and vehicle loading, on the pavement’s response. They provided some guidelines
on the critical values of the above-mentioned key parameters regarding the post-flood behavior of
flexible pavements. They also introduced the concept of critical time which the pavement needs to
regain its pre-flooding structural capacity. The most critical cases were found to be when thin
HMA and base layers (30 mm and 200 mm, respectively) were used.

Figure 2.3: Overview of the combined model for analysis of inundated pavements (Mallick et al.,
2017).
Mallcik et al. (2014) created a system dynamics model with available pavement
performance and climate data to assess the effects of the key factors, such as pavement life and
maintenance cost through simulation. They found out that air temperature changes, rainfall, rise of
seawater level, and the number of Category 3 hurricanes are the most significant factors which
adversely affect the long-term performance of pavements. It was also concluded that the expected
changes in the aforementioned climatic conditions, will result in a noticeable reduction in stiffness
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properties of both subgrade and HMA layers, which is synonymous with faster deterioration and
substantial reduction in the life of pavements. Since the system dynamics model suggested drastic
increase in the maintenance costs of road networks due to the climatic conditions, including
flooding and heavy rainfalls, Mallick et al. recommended the use of better and refined models to
take account of the impact of such conditions on the behavior of pavements.
ElShaer et al. (2019) presented a simplified approach to model the structural performance
of inundated pavements during and after the flooding. They simulated the condition of a flooded
section by lowering the water level from the pavement surface down in depth. At each water level,
hydrostatic pressure distribution was assumed along the section and the corresponding degree of
saturation was determined through the materials’ SWCC. Subsequently, the saturation profile was
converted to MR profile and Layer Elastic Analysis was performed to estimate the critical responses
of the pavement, including surface deflection, stresses and strains at the bottom of asphalt layer
and at the top of subgrade layer. They introduced a new parameter called “influence depth” (of the
subsurface water level), beyond which no adverse effects on the pavement’s performance is
observed under a given traffic loading. This research suggested that the base and subgrade material
as well as the pavement structure, i.e. thickness of the layers, are the most influential factors
affecting the rutting of inundated sections. On the other hand, the pavement structure was found
to be the most significant factor when fatigue performance is concerned.
Machine Learning Techniques
ML includes a wide variety of methods of programming computers so that they can learn
from data (Géron, 2017). ML techniques are ideal tools for complex problems which cannot be
easily dealt with using traditional approaches. Supervised learning methods are a broad category
of ML techniques which have been extensively used in civil engineering applications. One
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supervised learning task is prediction of a target numeric value as a function of some independent
features (called inputs). For this task, a big-enough set of known feature-target (or input-output)
data is required. The feature-target dataset will be split into training and testing subsets; the former
is used to develop the ML model, while the latter is used to evaluate the model’s performance.
Once the ML model is trained and evaluated satisfactorily, it can be used to predict new instances
of inputs which have not been seen in the training set. K-Nearest Neighbor, Linear and Logistic
Regression, Support Vector Machine (SVM), Decision Tree, Random Forest, and Artificial Neural
Network (ANN) are some of the best-known examples of supervised learning algorithms.
ML methods have been successfully used in pavement engineering applications since late
1980s. Sundin and Braban-Ledoux (2001) reviewed the application of methods such as ANN and
Genetic Algorithm (GA) in pavement management and decision support systems. A number of
researches have been conducted to help with the detection of distress in pavements (e.g. Seraj et
al., 2014; Hadjidemetriou et al., 2017; Hoang and Nguyen, 2018). Gopalakrishnan et al. (2013)
utilized different ML algorithms to predict the nonlinear moduli of asphalt pavements based on
the deflection profiles obtained from non-destructive tests. Terzi (2007) developed an ANN model
to predict the pavement serviceability index (PSI) using experimental data and showed that the
ANN model performs better compared to the AASHTO model. Johari et al. (2006) utilized a
genetic programming approach for prediction of SWCC from basic properties of the material such
as void ratio, dry density, and initial moisture content.
Despite their computational efficiency, there are very few published records in the
literature on the application of ML techniques for prediction of the behavior of pavements after
flooding events. This is mainly due to the fact that there exists no comprehensive input-output
database which is the ground for any type of supervised ML model. As one recent example, Kottayi
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et al. (2018) evaluated the impact of flooding on the structural performance of pavements using
ANN. They utilized two numerical, hydraulic and structural, analyses to generate the data required
for training, testing and validation of the ANN model. The inputs of the ANN model include the
gradation (D60) and degree of saturation of base layer as well as the ratio of resilient modulus to
optimum resilient modulus. On the other hand, the outputs are the surface deflections and critical
strains, which are calculated from the structural FE model. This study indicated that the ANN
model can ideally predict the outputs of the two computationally-intensive numerical models.
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Chapter 3: Numerical Modeling of Post-Flood Water Flow in Pavement
Layers
Introduction
Water infiltration through pavement structures as a result of flooding and/or extreme
rainfall, can adversely influence the bearing capacity of the pavement and lead to its premature
failure. Since the entire pavement system will not be always in saturated state, the post-flood water
movement through its granular layers should be formulated based on the unsaturated flow
principles. This chapter aims at evaluating the hydraulic behavior of inundated pavement
structures, which is the first step towards a better understanding of the impact of flooding on the
pavement’s remaining life.
A numerical finite difference scheme is utilized to model the variations of degree of
saturation within the granular layers of the pavement over time. The principles of unsaturated flow
in porous media are adopted to achieve more realistic results. In order to investigate the
significance of basic characteristics of granular materials, e.g. gradations, well-developed
correlations are extracted from the literature. As a result, the parameters required for a moresophisticated unsaturated analysis can be estimated based on some basic material properties.
Subsequently, a sensitivity analysis is carried out to assess the influence of these material
properties on the hydraulic response of inundated pavements. Special cases, such as anisotropic
base material and clogged drainage are also modeled. The results presented in this chapter provide
an insight into the hydraulic behavior of pavement structures subjected to severe precipitation. In
addition, the hydraulic model establishes a solid basis for subsequent structural analyses to fully
understand the behavior of inundated pavements under traffic loadings.
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Model Selection and Validation
Out of the water movement models introduced in Chapter 2, the open-source finite
difference code VS2DI was selected. VS2DI is less computationally intensive as compared to
sophisticated finite element models. In addition, customized analyses, such as parametric study,
can be readily carried out thank to the availability of its source code. VS2DI contains the following
two modules:
1- VS2DTI, for simulating flow and solute transport, and
2- VS2DHI, for simulating flow and heat transport.
Both VS2DTI and VS2DHI can be used for modeling unsaturated flow in the current
project. The graphical user interface consists of a pre- and a post-processor. The user may define
the geometrical and hydraulic characteristics of the problem including model domain, hydraulic
properties, initial and boundary conditions, etc. via the pre-processor. On the other hand, the postprocessor develops and executes the numerical model based on the information provided in the
pre-processor.
From the perspective of fluid flow analysis, the numerical solution is essentially an implicit
finite difference approximation for the combined Richards and Cooper-Jacob equations. Owing to
the nonlinearity associated with the constitutive equations, VS2DI seeks the solution through an
iterative computational algorithm. Therefore, some precautions should be taken when developing
a model in order to avoid convergence issues.
In addition to the geometry of the problem, some other parameters need to be specified
when developing a model in VS2DI. These mainly include solver options (for convergence and
speed of calculations), hydraulic properties of the materials, and initial/boundary conditions.
Hydraulic characteristic model, which determines the relationship between negative pressure head
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and moisture content/relative hydraulic conductivity, may be defined in four different ways. The
user can opt to provide the parameters of van Genuchten, Brook-Corey or Haverkamp models; or,
alternatively, provide the hydraulic characteristic model in a tabular form.
Based on the user’s preference, any of the following initial hydraulic conditions may be
assigned to the model:
1. Initial equilibrium profile (location of GWT as well as maximum negative pressure head),
2. Initial pressure head (contour lines), or
3. Initial moisture content (contour lines).
The boundary conditions may be specified as:
1. Flow flux/volumetric flow into or out of the domain,
2. Total head over the boundaries, or
3. Possible seepage faces.
Owing to the axisymmetric geometry of pavement sections, it is a common practice to
model only half of the section as illustrated in Figure 3.1. Once the numerical analysis is
performed, the results can be graphically shown as saturation or pressure head contours (Fig. 3.2).

Slope = 2 deg

Infiltration rate (boundary condition):
7.82×10-7 up to 3 days and then 0

Sand
filling
Subgrade

Drainage pipe
(seepage allowed)

Ground Water Table: El Paso, Texas, -4.5 m
Max. negative pressure head: -5 m

Figure 3.1: Typical geometry of the pavement section modeled in VS2DI.
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Figure 3.2: Post-flood profiles of degree of saturation in a pavement section.
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These raw outputs can be further processed to obtain the degree of saturation profiles as a function
of depth and time.
As stated in Chapter 2, there are some examples of the application of VS2DI for modeling
the unsaturated flow within pavement granular layers. Ariza and Birgisson (2002) modeled the
inflow of water into pavement structures using SEEP/W (FEM) and validated their model with
experimental data. They studied three examples; the first example problem is schematically shown
in Figure 3.3. The results of VS2DI model are compared with FEM results as well as experimental
measurements (reported by Ariza and Birgisson) in Figures 3.4 through 3.7.

Figure 3.3: Geometry and boundary conditions of Example problem 1 (Ariza and Birgisson,
2002).

Figure 3.4: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 1 after 2 hours.
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Figure 3.5: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 1 after 3 hours.

Figure 3.6: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 1 after 4 hours.

Figure 3.7: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 1 after 8 hours.
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Figure 3.8 illustrates the schematics of Example Problem 2, which is a flexible pavement
structure with anisotropic base layer subjected to continuous infiltration. The results of VS2DI
model are compared with those of FEM and experimental data in Figures 3.9 to 3.12.

Figure 3.8: Geometry and boundary conditions of Example problem 2 (Ariza and Birgisson,
2002).

Figure 3.9: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 2 after 1.5 hours.
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Figure 3.10: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 2 after 3 hours.

Figure 3.11: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 2 after 4.5 hours.

Figure 3.12: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 2 after 6 hours.
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Figure 3.13 illustrates the schematics of Example Problem 3, which is a flexible pavement
structure with two granular layers (base and subbase) subjected to continuous infiltration. The
results of VS2DI model are compared with those of FEM and experimental data in Figures 3.14 to
3.17. This comparative study indicated that the VS2DI model is able to properly evaluate the
unsaturated flow of water in pavement structures. Subsequently, preliminary sensitivity analyses
may be carried out to investigate the influence of different parameters on the variations of moisture
content in flooded pavements as explained in the next section.

Figure 3.13: Geometry and boundary conditions of Example problem 3 (Ariza and Birgisson,
2002).

Figure 3.14: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 3 after 1.5 hours.
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Figure 3.15: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 3 after 3 hours.

Figure 3.16: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 3 after 4.5 hours.

Figure 3.17: Comparison of VS2DI model’s result with those of SEEP/W (FEM) and
Experimental data- Example problem 3 after 6 hours.
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Parametric Study and Sensitivity Analysis
Figure 3.18 illustrates a set of SWCCs generated using the correlations given in Chapter 2
(Equations 2.1 through 2.24) for plastic (subgrade) and non-plastic (aggregate base) materials.
Moreover, a set of SPCCs are generated accordingly using Equation 2.25 as shown in Figure 3.19.
The porosity of the aggregates in base and subgrade layers may be reasonably estimated
using the equation (ARA, 2004):

 sat =

 opt
Sopt

(3.1)

In this equation, Sopt for non-plastic aggregates is 78%. For fine-grained plastic materials:
Sopt = 6.752( P200 PI )0.147 + 78

(3.2)

On the other hand,

 opt =

wopt  d max

 water

(3.3)

where,
wopt = 1.3( P200 PI )0.73 + 11

(subgrade materials)

(3.4)

wopt = 8.6425( D60 ) −0.1038

(base materials)

(3.5)

Also, for compacted material,  d max is given by the following equation. For non-compacted
natural soil,  d max is assumed to be 90% of the value computed using Equation 3.6.

 d max computed =

Gs water
Gw
1 + s opt
Sopt

(3.6)

where, Gs is specific gravity of solid grains, and water is the unit weight of water.
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Figure 3.18: Fredlund-Xing SWCCs estimated using the correlations given in Chapter 2.

Figure 3.19: SPCCs estimated using Equation 2.25 based on the SWCCs.
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The saturated hydraulic conductivity of the materials can be estimated using the following
equations (ARA, 2004):

ksat = 118.11  10

ksat = 118.11  10



 0.0004 ( P PI ) 2 − 0.0929 ( P PI ) − 6.56 
200
200







 − 1.1275 (log D + 2 ) 2 + 7.2816 (log D + 2 ) − 11.2891
60
60





(subgrade materials) (3.7)

(base materials)

(3.8)

The last parameter required for the numerical modeling is the initial saturation profile
within the base and subgrade layers. The correlations proposed by Zapata et al. (2009) can be used
to estimate the initial suction of each layer as:
h =  (e

 



 TMI +  

+)

(subgrade materials)

h =  + e( + ( TMI +101) )

(base materials)

(3.9)
(3.10)

where, h is matric suction in kPa; TMI is Thornthwaite’s moisture index; , , , and  are material
constants as shown in Tables 3.1 and 3.2. The suction values given by Equations 3.9 and 3.10 can
in turn be converted to initial degree of saturation by means of the SWCC of each material. At this
stage, we can develop a numerical model of water movement in the pavement structure using a
few basic material properties namely: D60 and P200 of base material, P200PI of subgrade material,
TMI as the environmental factor, and infiltration rate and duration.
Prior to the parametric study, one thousand cases with randomly generated inputs were
analyzed. In those analyses, the average degree of saturation at the middle point of the base layer,
as shown in Figure 3.20, was considered as the output. Spearman’s correlation analysis was carried
out to determine the significance of each input parameter on the output, i.e. the average degree of
saturation of the base layer, as summarized in Table 3.3. Among the six input parameters, D60 of
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the base material, infiltration rate and infiltration time are the most significant ones. This implies
that the average degree of saturation of the base layer is primarily sensitive to the variations of
these three parameters, and the other parameters will not impact the output significantly.
Table 3.1: Model constants for prediction of initial suction in subgrade materials (after Zapata et
al., 2009)
P200 or P200PI









P200 = 10

0.3

663.5

142.5

17.5

P200 = 10/ P200PI = 0.5
or less

0.3

801

147.6

25

P200PI = 5

0.3

975

152.5

32

P200PI = 10

0.3

1,171.20

157.5

27.8

P200PI = 20

0.3

663.5

142.5

17.5

P200PI = 50

0.3

801

147.6

25

Table 3.2: Model constants for prediction of initial suction in granular base materials (after
Zapata et al., 2009)
P200







0

3.649

3.338

−0.05046

2

4.196

2.741

−0.03824

4

5.285

3.473

−0.04004

6

6.877

4.402

−0.03726

8

8.621

5.379

−0.03836

10

12.18

6.646

−0.04688

12

15.59

7.599

−0.04904

14

20.202

8.154

−0.05164

16

23.564

8.283

−0.05218

Table 3.3: Results of Spearman’s correlation analysis
Parameter

D60
Base

Infiltration
Time

Correlation
Coefficient

-0.81

0.36

Infiltration
P200PI
TMI
Rate
Subgrade
0.31
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0.03

0.02

P200
Base
-0.01

Figure 3.20: Cross section of the modeled pavement (not to scale).
Figures 3.21 through 3.23 demonstrate how the average degree of saturation in the middle
of the base layer changes due to the variations of D60 of base, infiltration rate and infiltration time,
respectively. In those figures, the other input parameters were set to fixed (nominal) values shown
in Table 3.4. The impact of infiltration rate and time to the saturation of base layer are short-term
in spite of substantial, but initial, over-saturation in the cases of heavier rainfalls. In other words,
heavier and/or longer precipitation do not result in prolonged over-saturation of the base layer
when other factors, including gradation, are the same. Conversely, the gradation of base layer, i.e.
D60, has more sustained influence on the saturation and can delay full drainage substantially. This
observation underscores the importance of the selection of appropriate material for the base layer
to reduce the potential of saturation and minimize its vulnerability to future moisture-related
structural damages.
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Table 3.4: Range and nominal values of the input parameters for parametric study
Parameter

Range of Values

Nominal Value

D60 Base (mm)

0.1, 0.3, 0.5, 0.7, 1

0.5

Infiltration Rate (m/s)

5×10-7, 1×10-6, 5×10-6, 1×10-5, 5×10-5

5×10-6

Infiltration Time (hr)

1, 2, 5, 12, 24

5

Figure 3.21: Average degree of saturation in the middle of base layer for different D60 values.
According to Figure 3.22, the maximum degree of saturation increases as the infiltration
rate increases. On the other hand, up to a certain point, the time required for the base layer to return
to its normal state is almost the same for the low to medium infiltration rates. For high infiltration
rates, it can take much longer for the base layer to return to its normal conditions. This might be
attributed to the over-saturation of the subgrade soil which requires more time for the infiltrated
water to discharge so that the entire pavement layers become dry again. Typically, there is no
control over the infiltration rate. However, the knowledge of the critical rate, above which the
drying time will be considerably longer, enables pavement engineers to take adequate measures
for the road sections when precipitation takes place. Such measures include closure of the road to
traffic or assessment of the structural damage, if any, when the traffic flow is inevitable. In fact,
the critical infiltration rate may be considered as a performance indicator to express how each
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pavement structure responds to surface infiltration. Preventive measures, such as rehabilitation of
cracked pavements and/or sealing of the surface can also be taken to minimize the negative impact
of rainfalls.

Figure 3.22: Average degree of saturation in middle of base layer for different infiltration rates.
As illustrated in Figure 3.23, for a given pavement and infiltration rate, a certain time is
required to reach the saturation of the base (about 15 hours in this example). Further precipitation
only contributes to maintaining the saturation of the base layer. The drying rate is also different
for more prolonged precipitation periods. The time required for reaching saturation is another
factor which may be considered as a performance indicator of inundated pavements for analysis
and design purposes.
Special Cases
This section summarizes the results of numerical analyses of special cases including
clogged drainage, anisotropic base material and semi-pervious asphalt layer. Figure 3.24 shows
the saturation profile for the section of Figure 3.20 underneath inner and outer wheels. In this
analysis, which is referred to as baseline model, the input parameters are as follows: D60 and P200
of base material are 2 mm, and 6%, respectively; P200PI subgrade is 0.5, TMI is 50, Infiltration
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rate is 5×10-6 m/s, and Infiltration time is 24 hrs. In addition, the base material is assumed to be
hydraulically isotropic, and porosity and permeability of the surface asphalt layer are assumed to
be 0.1 and 9.7×10-10 m/s, respectively. In this case, mostly the middle third of the base layer gets
affected under the outer wheel; while, the lowest third portion is influenced by surface infiltration
under the inner wheel. This observation suggests an inclined flow of water from the shoulder when
the surface asphalt layer is relatively impermeable.

Figure 3.23: Average degree of saturation in the middle of base layer for different infiltration
times.

Figure 3.24: Saturation profiles of the aggregate base layer for the baseline model under (a) outer
wheel, and (b) inner wheel.
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The functionality of pavement drainage can change drastically if the drainage pipes get
clogged due to insufficient maintenance (Ceylan et al., 2013). This condition is modeled assuming
the drainage pipe is covered with a low-permeability subgrade material. As shown in Figure 3.25,
both the inner- and outer-wheel cross sections undergo more sustained saturation as compared to
the baseline model (three times in this example) when the drainage does not function properly.
This is synonymous with more severe structural damage under the same level of traffic loading.
This observation underlines the importance of maintaining the drainage systems to minimize
moisture-related damages of pavement structures.

Figure 3.25: Saturation profiles of the aggregate base layer of the model with clogged drainage
under (a) outer wheel, and (b) inner wheel.
Figures 3.26 and 3.27 depict the responses of the numerical model when the base is
regarded as anisotropic. The anisotropy ratio is defined as the vertical permeability, kv, over the
horizontal permeability, kx. For anisotropy ratio of 0.1 (Fig. 3.26), the saturation profiles are very
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Figure 3.26: Saturation profiles of the aggregate base layer of the model with hydraulic
anisotropy (kv=0.1kh) under (a) outer wheel, and (b) inner wheel.

Figure 3.27: Saturation profiles of the aggregate base layer of the model with hydraulic
anisotropy (kv=10kh) under (a) outer wheel, and (b) inner wheel.
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similar to the baseline (isotropic) model. However, when kv = 10 kh (Fig. 3.27), larger portions of
the base become saturated as compared to the baseline model when other parameters remain the
same. The hydraulic anisotropy is primarily controlled by the compaction effort applied to the base
layer during construction (Khoury et al., 2010). Better compaction, and thus lower anisotropy ratio
can decrease the vulnerability of the base layer to future structural damages due to surface
infiltration.
In the baseline model, the permeability of the surface layer is considerably lower than the
aggregate base and may be assumed as impervious, which represents a fresh uncracked asphalt
concrete layer. Consequently, surface water can only infiltrate into the underlying layers of the
pavement through the uncovered shoulders. However, several types of cracks may propagate
throughout the asphalt layer over time. Since these cracks will let the water to penetrate into the
pavement layers, the permeability of the asphalt layer may be increased proportional to the crack
intensity in this layer.
Figures 3.28 and 3.29 illustrate the influence of the asphalt layer’s (equivalent)
permeability, kac, as it approaches that of the aggregate base material, kbase. The increased
permeability of the asphalt layer results in more prolonged saturation periods. In addition, larger
portions of the base layer beneath the inner and outer wheels will be affected under such
circumstances. Based on these observations, the reduction of the asphalt layer’s permeability by
sealing the cracks may be considered as an efficient strategy to mitigate the structural damages
associated with inundation and infiltration.
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Figure 3.28: Saturation profiles of the aggregate base layer of the model with increased surface
permeability (kac=0.0001kbase) under (a) outer wheel, and (b) inner wheel.

Figure 3.29: Saturation profiles of the aggregate base layer of the model with increased surface
permeability (kac=0.01kbase) under (a) outer wheel, and (b) inner wheel.
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Summary and Conclusions
More realistic modeling of water regime within pavement layers caused by surface
infiltration requires the incorporation of unsaturated flow principles. In this chapter, some the bestknown software packages which can be used specifically for numerical modeling of unsaturated
flow were considered and VS2DI, a 2-D finite difference code developed by USGS, was selected.
VS2DI model was validated with experimental measurements as well as a more computationallyintensive finite element model. The number of inputs required for numerical modeling was
decreased by employing well-established correlations published in the literature. The following
conclusions can be drawn based on the results of the numerical modeling:
1. D60, as a measure of gradation of aggregate base material, and rainfall parameters, i.e.
intensity and duration, are the most significant factors that influence the water regime
within the pavement structures in the aftermath of simulated rainfall events. This
observation matches with previous studies and design guides. For instance, drainage
coefficients in AASHTO (1993) design guide are defined according to two criteria, namely
percent of time the layer is saturated and the time to drain; the former is related to rainfall
and the latter depends on the material’s gradation.
2. The impact of the infiltration rate and time on the post-flood hydraulic behavior of
pavements was found to be short-term. This implies that regardless of its intensity and
duration, as soon as the rainfall ends, the saturation profile tends to return to its normal at
a relatively constant pace. Two performance indicators were proposed to be regarded for
analysis and design of such pavements. These include the critical infiltration rate (above
which the drying time of pavement is significantly postponed), and the time required for
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the base layer to become fully-saturated. Experimental tests are recommended to confirm
this observation.
3. The impact of the base material’s gradation on the post-flood hydraulic behavior of
pavements was found to be long-term. This implies that returning to the pre-flood situation
may be substantially delayed if the gradation is considerably fine. Gradation influences
both the saturated permeability and SWCC/SPCC of the material. The relationship between
fine gradation and low (saturated) permeability and its influence on the drainage of
pavements has been well understood for a while. This study suggests that the impact of
fine gradation may be even more pronounced than what perceived so far since
SWCC/SPCC are also affected.
4. The numerical model of pavement used in this study seems promising with credible
outputs. The software, however, is primarily developed for heat and mass transfer in
partially saturated geo-strata. Thanks to its open source, VS2DI can be customized for
evaluation of pavements’ hydraulic response to precipitation and inundation. Moreover, it
may be incorporated into a complementary structural model to fully understand how
inundated pavement structures react to concurrent and/or subsequent traffic loading.
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Chapter 4: Framework for Hydromechanical Modeling of Inundated
Pavements
Introduction
Research has shown that up to 50% of rainfall can infiltrate through the surface layers of a
flexible pavement (Cedergren, 1974). Inadequate drainage, which leads to retention of water for
extended periods of time, may lead to an increase in the degree of saturation of the base materials,
and hence, a reduction in their stiffness properties. The net effect of the moisture infiltration is a
reduction in the overall stiffness of the pavement structure and the accumulation of damage at a
rate that is higher than what is expected under normal conditions (Dempsey & Elzeftawy, 1975;
FHWA, 2008). Such an effect is expected in most flexible pavements with typical crushed
aggregate base or those stabilized cold recycled layers (Hall and Correa, 2003) – neither of which
conforms to the standards of typical drainable or permeable base courses that are recommended
by the Federal Highway Administration (FHWA, 1994; FHWA, 1999).
Although the impact of periodic fluctuations in water table can be evaluated using
sophisticated mechanistic analyses (such as PavementME software), the damaging effect of poor
drainage of water resulting from surface infiltration is not generally fully considered. A lack of
consideration of this phenomenon can lead to a severe over-estimation of the service life of a
pavement located in areas with frequent and heavy precipitations. This problem may become more
critical with the anticipated extreme weather events and resulting precipitation frequency and
magnitude in many parts of the world due to climate change (Field et al., 2012). Furthermore, this
phenomenon should be considered in the development of pavements that are resilient to extreme
events.
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Although critical, the rigorous analysis of the interaction of the drainage condition and
pavement damage due to the surface infiltration of precipitation is not regularly conducted during
structural design for the following four main reasons:
1. Drainage of excess water inside pavements occur under both saturated and unsaturated
conditions (Stormont and Zhou, 2005; Birgisson and Roberson, 2000).
2. A rigorous analysis of drainage generally requires a commercial software that is expensive
and relatively complicated.
3. The effect of poor drainage needs to be transformed into an impact on the structural
strength, damage and life of the pavement, which requires further use of commercial
software; and more importantly,
4. A comprehensive framework to combine the hydraulic and structural analyses does not
exist (Mallick et al., 2017, Nivedya et al., 2018).
The objective of this study is to develop a framework that can lead to a public-domain
software that the state departments of transportation (DOTs) can use on a regular basis to conduct
a rigorous analysis of the moisture-related structural damage in flexible pavements. This chapter
presents the relevant background, the analysis framework and the demonstration of its use through
case studies.
Framework
The proposed framework is summarized in Figure 4.1. The open-source finite difference
code VS2DI (Hsieh et al., 1999) is used for the hydraulic analyses. VS2DI has been successfully
utilized to simulate unsaturated flow in flexible pavements (Stormont and Zhou, 2005). The input
parameters required for the development of a model in VS2DI include: (1) geometry, i.e. slope
and thickness of the layers; (2) initial conditions, i.e. ground water table (GWT) and maximum
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negative pressure head; (3) boundary conditions, i.e. rainfall duration and infiltration rate; (4) basic
hydraulic properties of the material, such as porosity and saturated permeability; and (5)
unsaturated hydraulic characteristics, i.e. soil water/permeability characteristic curves (SWCC and
SPCC). As stated in Chapter 2, Zapata (1999) proposed relationships to estimate the parameters
of Fredlund-Xing SWCC which is formulated as Equation 2.1.

Figure 4.1: Flowchart of the proposed framework for post-flood analysis of flexible pavements.
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The outcome of this hydraulic model is the degree of saturation at different times and
depths as schematically shown in Figure 4.2. The degrees of saturation can be translated into the
moduli of the granular layers influenced by the water infiltration from precipitation or flooding.
Several relationships are available to update the modulus based on the degree of saturation. For
instance, Witczak et al. (2000) proposed the following equation:

 MR
log
M
 R opt


b−a
=a+

1 + exp( + k s ( S − Sopt ) )


(4.1)

where MR is modulus at a given degree of saturation S, which is expressed in decimal; MRopt is the
modulus at optimum moisture content; Sopt is the degree of saturation at optimum moisture content
expressed in decimal; a, b and ks are fitting parameters.
The moduli calculated using the above equation were used as input into the finite element
code IntPave (Tirado et al., 2007) for structural analysis. IntPave’s mesh is automatically generated
based on the load configuration and pavement geometry. In addition to moduli and geometry, the
structural analysis requires the type of loading to be defined. Different loading types such as dualaxle tandem, equivalent single axle load (ESAL), and falling weight deflectometer (FWD) may be
considered in IntPave. The primary outcomes of the structural analysis are the critical responses
of the pavement such as the tensile strain at the bottom of the HMA layer or compressive strain at
the top of the subgrade. These critical responses are input into distress models, e.g. those of the
Asphalt Institute or MEPDG, to estimate the associated damage.
The following equation is then used to evaluate the impact of precipitation or flooding on
the damage of the pavement (Wang et al., 2015):
m

N f − eq ( N )

i =1

N f − eq (i )

T =

ti
(4.2)
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where, T is the equivalent time of loading under normal (design) conditions, also referred to as the
damage ratio; Nf-eq(N) is the allowable number of load repetitions to failure under normal
conditions; Nf-eq(i) is the number of load repetitions to failure under ith post-flood period; ti is the
time interval; and m is the number of time periods affected by the flood.

(a)

(b)

Figure 4.2: Typical representation of hydraulic analysis outputs; (a) degree of saturation as a
function of time, (b) degree of saturation as a function of depth.
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Example of Application
The application of the proposed framework is illustrated with a case study summarized in
Table 4.1. The specific structures considered in this example are commonly used by Maine DOT
along their state roads. These roads are usually rehabilitated with full-depth reclamation (FDR)
and then overlaid with a one or two relatively thin HMA layer(s). Maine DOT does not find thick
HMA layers (as found in interstate highways) economical for their state roadways. Structures A
and B, which are similar in geometry, represent four-layer pavement system composed of two
HMA layers, FDR and subbase underlain by natural subgrade soil. The saturated permeability of
FDR material in Structure A is more than 300 times greater than that of FDR in Structure B.
Structure C consists of a thicker HMA layer over FDR (with intermediate permeability) and
permeable subbase layer.
Table 4.1: Details of the cases analyzed
Hydraulic conductivity,
10-5 cm/sec

Layer Thickness, mm

1
2
3
4
5
6
7
8
9

Bottom
HMA
8.3
8.3
8.3

FDR
Base
57
57
57

Drainage
Conditions

250
250
250

Top
HMA
8.25
8.25
8.25

115
115
115

250
250
250

0.342
0.342
0.342

0.34
0.34
0.34

0.17
0.17
0.17

UD
D
DC

112
112
112

250
250
250

0.13
0.13
0.13

-

2.6
2.6
2.6

UD
D
DC

Top
HMA
45
45
45

Bottom
HMA
55
55
55

FDR
Base
115
115
115

B

45
45
45

53
53
53

C

112
112
112

-

Cases Structure
A

Subbase

UD
D
DC

As shown in Figure 4.3, three different drainage scenarios namely underdrain (UD),
functional ditch (D) and clogged ditch (DC) were studied in this example. In the hydraulic
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modeling, the perimeter of the buried pipe of the underdrain system was simulated as a possible
seepage face (this boundary condition is not defined in the case of daylighted ditches). The ground
water table was 2 m below the subbase. A rainfall event of 25 mm in 24 hours pertaining to the
project and climatic conditions for Augusta, Maine was considered (Press Herald, 2017).
The saturated permeabilities (ksat values) of the HMA and full-depth reclaimed (FDR) base
layers were obtained from laboratory testing, while the saturated permeability of the subbase layer
was estimated from the correlations recommended by MEPDG (Zapata, 1999) assuming a D60 =1
mm. For all material types, SWCC and SPCC functions were determined using Equations 2.1 and
2.25 as explained earlier.

(a)

(b)
Figure 4.3: Schematic of the drainage systems. Note that the third case is with a clogged ditch;
(a) drainage system with ditch, (b) drainage system with under drain.
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Figure 4.4 summarizes the results of hydraulic analyses for Structure A (see Table 4.1).
The excess moisture (as indicated by degree of saturation) recedes at a relatively similar pace in
the sections with proper drainage containing an underdrain and ditch. However, when the drainage
system is not fully functional due to clogging, excess moisture remains in the pavement layers for
longer periods, especially when the layers are of low permeability. A closer look at Figure 4.4
suggests that the hydraulic results for UD and D cases might look similar. A slight difference exists
between these two, especially regarding the saturation at the bottom of the FDR base (the red line).
In this example, the degree of saturation reaches a maximum of nearly 60% in the case of UD as
opposed to a maximum of 50% for the D case. Since a considerable portion of the pavement’s
bearing capacity comes from the FDR base, any drop in the FDR resilient modulus can
significantly influence the overall performance of the section. As a result, the UD case, which is
generally less-saturated, is expected to show less moisture-related damage.
The variations in the degree of saturation from the hydraulic analyses with time and depth,
along with Equation 4.1 were used to update the moduli of different layers in the finite element
program IntPave to determine the variations of the tensile strain at the bottom of asphalt layer
(T_AC) and compressive strain at the top of subgrade (C_SG). These critical strains were input into
the Asphalt Institute’s distress models (for fatigue and rutting failure) to evaluate the remaining
life of the flooded pavement daily for a period of 28 days. The rutting criterion was critical in all
cases because of the use of high-quality FDR base right beneath the HMA layer that prevents the
development of higher T_AC values. The decrease in the post-flood modulus of the moisturesusceptible subbase causes more severe rutting compared to the normal conditions.
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Figure 4.4: Degree of saturation as a function of time obtained from the hydraulic analysis.
The results of the structural analyses are illustrated in Figure 4.5. The sections were
subjected to 34-Kip dual-tire tandem axle loading configuration in this analysis. Other loading
types, e.g. FWD, may also be used in the proposed analysis framework. The damage ratio, as
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calculated from Equation 4.2, is around 1.4 in all cases during the first day of the post-flood traffic
loading. This implies that during the first days of the analysis, the contribution of each loading
cycle to rutting is 1.4 times greater than that at design conditions. When the drainage system is
working properly, the pavement returns to the pre-flood design conditions (meaning that the
damage factor becomes 1) after 2 to 4 days. However, in the case of clogged ditch, the pavement

Figure 4.5: Damage ratio at different days obtained from the structural analysis.
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does not return to pre-flood design conditions even after 28 days. This prolonged time leads to
more severe rutting which drastically reduces the pavement’s remaining life.
Figure 4.6 shows the equivalent accumulated damage after 28 days for each of the
pavement structures and the scenarios evaluated. If the pavement remains in normal (design)
conditions during this period, it will accumulate a 28-day damage since the damage ratio (as
calculated using Eq. 4.2) for every single day is 1. However, the damage ratio can potentially
increase when considering the impact of precipitation and drainage mechanisms.

Figure 4.6: Total damage, after 28 days, for all considered scenarios.
In this example, the use of an underdrain or a ditch (except in Structure C) permitted the pavement
to recover to its design conditions within the first day after the precipitation event. This led to an
accumulated equivalent damage of 28.5 days in the 28-day period. However, when a clogged ditch
prevents drainage, the accumulated damage increases to 39 days within the same 28-day period.
This is observable in Figure 4.5, where damage ratios of pavements (as calculated using Eq. 4.2)
with the clogged ditch remained constant at about 1.4 for 28 days. This example underscores the
critical role of drainage mechanisms in regaining the structural capacity of a flexible pavements in
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the aftermath of precipitation events. A well-draining pavement is always desired to minimize the
period for which the structural capacity of a pavement is compromised.
Summary and Conclusions
The following conclusions and recommendations are made on the basis of the findings
presented in this chapter:
1. A significant difference in the degree of saturation can exist in pavements with similar
structures but different drainage structures and conditions.
2. Pavements with fully functional ditch or underdrain system can dissipate the excess degree
of saturation after rainfall within a short period of time; this is not possible for pavements
with poor drainage structures such as clogged ditch.
3. Consequently, the structural capacity of pavements with proper drainage recovers rapidly
after a rainfall, whereas a pavement with poor drainage retains the lower structural capacity
for a relatively longer time.
4. A lower structural capacity for a pavement with poor drainage leads to a higher amount of
damage under traffic loading, compared to a pavement under normal conditions.
5. After intense precipitation, a prolonged period of lower pavement stiffness leads to a
greater accumulation of damage under traffic for pavements with poor drainage; as a result,
the life of these pavements is reduced considerably.
6. Of the three cases evaluated in this study, the provision of an underdrain system was found
to be the best option for minimizing the damage of pavements due to ingress of water
resulting from high levels of precipitation.
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7. The expected damage in pavements due to extreme events such as high precipitation should
be evaluated with the suggested framework to improve the resiliency of the highway
system.
8. It is recommended that the framework be used to determine the impact of drainage
structures on pavement life during regular structural analyses and design of pavements.
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Chapter 5: Computational Process for Quantifying the Impact of Flooding on
Remaining Life of Flexible Pavement Structures

Introduction
Field observations indicate significant damage to pavement structures due to sustained
over-saturation after heavy rainfalls, especially if they occur frequently. The structural damage
will be reflected as a subsequent loss of life. Highway agencies and state DOTs need to have an
insight into the influence of rainfall events on their road network to properly plan/update the
maintenance operations. Attempts have been made to collect experimental data as a basis for
network-level decision making when pavement sections are subjected to surface infiltration.
However, pavement geometries as well as material properties and environmental conditions may
vary drastically. Therefore, generating a comprehensive database of field measurements is
extremely laborious and expensive.
This chapter presents a computational prototype which can be used to analyze inundated
pavement sections with a wide range of relevant factors. This computational tool is verified with
experimental measurements of a flooded pavement. A preliminary parametric study is also
conducted to further verify the performance of the proposed approach. Subsequently, a relatively
large database of a sample pavement section is generated, and a neural network is trained
accordingly. Acceptable performance of the designed neural network confirms the suitability of
the generated database for development of data-driven models. Such models enable decision
makers to quickly assess the impact of flooding on the life of pavements in the network at
reasonable computational cost and accuracy.
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Computational Process
In this research, a computational process was developed based on the framework explained
in the preceding section with the following assumptions:
-

There is one aggregate base layer in the pavement structure.

-

The drainage system is underdrain.

-

Only the variations of aggregate layers’ stiffness (due to flooding) contribute to the
structural performance.

-

The base layer is modeled as an isotropic and homogenous material in the structural
analysis (represented by a single value of resilient modulus).

-

The response of pavement is considered under an equivalent load (dual-axle tandem)
before and after the flooding. Subsequently, the loss of life may be estimated by comparing
pre- and post-flood responses.
Since well-established correlations in the literature are used in this approach, only few

basic material properties are needed for the characterization of the materials. As illustrated in
Figure 5.1, the inputs to the computational engine include the base material properties (i.e. D60,
D10, and P200), subgrade index properties (i.e. P200PI), geometry (i.e. thickness of HMA and base
layers), initial saturation of base and subgrade, infiltration rate and the time (duration) of
infiltration. The computational process can be summarized in the following steps.
Step 1: Estimate the material properties required for numerical hydraulic and structural analyses
using the inputs shown in Figure 5.1 and the correlations available in the literature. These
mainly include SWCC, SPCC, saturated permeability, and porosity.
Step 2: Conduct hydraulic analysis to determine the saturation profile, at different depths, as a
function of time until reaching its pre-flood conditions.
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Step 3: Translate the saturation profiles, at any given time, to a modulus profile using the
correlation proposed by Witczak et al. (2000) given in Equation 4.1.
Step 4: Perform finite element structural analysis for each single time step given the moduli for
each material. Based on the calculated structural responses, i.e. strains and deflection,
estimate the number of loadings to failure with regard to rutting and fatigue criteria, Nf-eq(i)
(whichever is less).
Step 5: Once all Nf-eq(i) were obtained from Step 4, use Equation 4.2 to calculate the equivalent
time of loading, T, for the rainfall event. The difference between T and the actual loading
time is the pavement’s loss of life due to flooding.

Figure 5.1: Conceptual representation of the computational prototype.
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Validation of Process
To verify the accuracy of the predictions of the above-mentioned approach, the
performance of a flooded section of a rural minor arterial road in Minnesota was modeled (Fig.
5.2). The road section was a 7.3-m (24-ft) wide with 1.3-m (4.3-ft)-wide gravel shoulders with an
ADT of 2350 with about 9% trucks. The soils in that area were predominately A-6 as per AASHTO
classification with some areas of A-4 in the vicinity of the river crossing. The HMA layer was
typically between 10 to 15 cm (4 to 6 inch) thick with MnDOT Class 5 or Class 6 aggregate base.
The optimum moisture content of the aggregate base is typically 8 to 10% (Henrichs, 2018).

Figure 5.2: The flooded road section in MN 93.
The road section was repeatedly tested with a Falling Weight Deflectometer (FWD) while
closed because of a flood event. The road was closed on March 21, 2011, crested on March 27,
reopened on April 15, and tested on April 18, 21, 25 and May 9. Figure 5.3 depicts the FWD first
sensor’s deflections. This reading directly shows the overall stiffness of the pavement structure
without having any possible interference from any numerical processing. The initial post-flood
testing had the greatest deflections and then gradually improved. However, testing was
discontinued well before the deflections approached the baseline. The average deflections of the
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baseline (pre-flood), April 18, 21, 25 and May 9 are 13.2, 18.4, 16.4, 16.6, and 15.8 mils,
respectively.

Figure 5.3: FWD readings for the first sensor at different locations of selected road section.
The response of the road section to flooding was modeled using the computational process
introduced. The properties of the aggregate material (i.e. D60, D10, P200 of base and P200PI of
subgrade) were readily extracted from the base classifications. The pavement was assumed to be
saturated (i.e. submerged) at the beginning of the analysis. The infiltration rate and time were set
to zero since there was no rainfall event in the aftermath of the flooding. As shown in Figure 5.4,
the calculated values are comparable to the measured responses of the pavement.
Optimization of Process
Each numerical modeling of an inundated pavement using the proposed computational
process includes one single hydraulic analysis, which generates the saturation profile over time, as
well as several FEM structural analyses of the pavement at the ith time step (as denoted in Equation
4.2). The time steps should be relatively small to capture the possible variations of the degree of
saturation for the entire analysis period, which is generally several days. The problem with small
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time steps is that each single case might include hundreds of structural analyses and thus require
excess computation time.

Figure 5.4: Comparison of calculated with mean measured FWD deflections with ± one standard
deviation error.
To resolve this issue, the Douglas-Peucker polyline simplification algorithm (Douglas and
Peucker, 1973), which represents a less complex form of functions (or mappings) given a
prespecified level of error tolerance, was implemented. In the context of this study, several data
points of Nf-eq(N)/Nf-eq(t), obtained at the Step 4 of the computational process, can be replaced with
fewer points which represent the same function (Figure 5.5). Since the time steps in the reduced
function will be of any size, the following slight modification to Equation 4.2 is required:
T =

t _ end

0

N f − eq ( N )
N f − eq (t )

(5.1)

dt

where, t_end is the end time of the analysis.
Figure 5.5 demonstrates the use of this approach for an original case with 217 data points.
This case required several hours to perform 217 FEM structural analyses. Instead, eight data points
can represent the same function as illustrated in Figure 5.5 b. Accordingly, the entire analysis may
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be carried out in few minutes. The original analysis using Equation 4.2 and the stepwise process
explained in the previous section resulted in 7.5 days loss of life for this pavement. On the other
hand, the analyses with the reduced points using Equation 5.1 estimated the loss of life as 7.2 days,
with less than 4% error compared to the original case.

Figure 5.5: An example of data reduction using Douglas-Peucker algorithm.
Input and Output Parameters
In order to construct a meaningful data-driven model, the input and output (or target)
parameters need to be defined properly. In this study, the output parameter is the loss of life (L) as
defined in the previous sections. On the other hand, the input parameters should be mutually
independent and able to capture the main variables of the problem including initial and boundary
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conditions, saturated and unsaturated permeability of the materials, and variations of moduli as a
function of saturation. D60 of base material and P200PI of subgrade can be regarded for unsaturated
characterization of the geomaterials as explained in Chapter 2. Initial saturation of base (SatB_ini)
and subgrade (SatSG_ini) are considered for representation of the hydraulic initial conditions.
Infiltration rate (Rinf) and infiltration time (Tinf) are the parameters which define the hydraulic
boundary conditions. From the structural perspective, each numerical run is conducted with the
same boundary condition, which is 34-Kip dual-tire tandem axle loading as discussed in Chapter
4.
Equations 3.7 and 3.8, which are adopted by MEPDG, can be used to estimate the saturated
permeability of subgrade and base materials using their P200PI and D60, respectively. However, the
saturated permeability depends on various factors and may not be adequately estimated using a
single parameter. This matter is especially critical for the permeability of base aggregates, the key
variable in the problem of unsaturated water flow in pavement layers (Stormont and Zhou, 2005).
Moulton (1980) proposed the following equation for saturated permeability of aggregates:
k sat =

6.214  105 ( D10 )1.478 n 6.654
(ft. / day)
( P200 )0.597

(5.2)

where, D10 is the effective diameter and P200 is the aggregates’ parentage passing sieve #200. In
this equation, n is porosity and can be estimated using equations 3.1 through 3.6.
Table 5.1 compares the predictions from Equations 5.1 and 3.8 with experimentally
measured values. Moulton’s equation makes relatively more reliable predictions and thus is
selected for estimation of aggregates’ saturated permeability. According to the above discussion,
eight parameters namely D60, D10 and P200 of the base aggregates, P200PI of subgrade soil, SatB_ini
and SatSG_ini, Rinf and Tinf are considered as the inputs of the data-driven model introduced in the
78

following sections. The data-driven model mimics the numerical model of a pavement with given
geometry. For the sake of simplicity, only two layers, i.e. surface AC and base are assumed to
define the geometry of the problem.
Table 5.1: Measured and estimated values of saturated permeability, ksat (m/s)
Aggregate Material

Measured
(Liang, 2007)

Eq. 5.2
(Moulton, 1980)

Eq. 3.8
(ARA, 2004)

No. 57

9.37×10-2

4.42×10-2

1.44×10-7

304 Fine

7.30×10-4

1.50×10-7

1.47×10-6

304 Medium

5.00×10-3

4.09×10-7

4.50×10-5

304 Coarse

1.92×10-2

1.29×10-2

2.90×10-4

307-NJ Fine

7.88×10-3

6.86×10-5

3.30×10-6

307-NJ Medium

1.35×10-2

1.69×10-4

1.59×10-5

307-NJ Coarse

2.80×10-2

2.91×10-2

6.34×10-5

307-IA Fine

3.08×10-3

4.24×10-6

6.82×10-6

307-IA Medium

8.03×10-3

5.42×10-4

3.79×10-5

307-IA Coarse

2.89×10-2

2.25×10-2

1.08×10-4

307-CE Fine

9.37×10-3

5.36×10-4

1.48×10-5

307-CE Medium

1.31×10-2

4.62×10-3

8.05×10-5

307-CE Coarse

3.07×10-2

5.60×10-2

2.91×10-4

MAE (m/s)

-

0.0110

0.0200

Mean Percentage
Error (%)

-

72.6

99.6

Parametric Study
A parametric study was conducted to investigate how the variation of each input parameter
influences the output, i.e. the loss of life (L). Table 5.2 shows the five permutations for the eight
inputs. In each case, a pavement section is analyzed assuming the other input parameters are set to
fixed nominal values. The nominal values of the inputs are marked as bold. The corresponding
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loss of life of pavements with 3-in. HMA and 12-in. base layer are shown in parentheses in this
table.
In general, the trends of the loss of life due to flooding as input variables change in Table
5.2 are physically meaningful. For instance, the pavement suffers more severe damage and hence
greater loss of life for higher infiltration rates and times. Another observation is more prolonged
damage periods as D10 of the base material becomes smaller and as its P200 increases. These
variations are synonymous with lower permeability that cause longer saturation period for the base
layer. However, the loss of life becomes less severe as P200 of the base material approaches 15%.
This implies that, after a certain point, the low permeability of aggregate materials prevents the
surface water from infiltrating into the base layer. Consequently, the pavement experiences lower
degree of saturation and undergoes less damage due to inundation. Similarly, the trend is not
monotonic when P200PI of subgrade, initial saturation of base and initial saturation of subgrade
change. This can be attributed to the interaction between various factors.
Table 5.2: Loss of life in days (the numbers in parentheses) for a section with 3-in. HMA and 12in. base corresponding to the variations of each input parameter
Case Number
Input Parameter

1

2

3

4

5

Base D60, mm

2 (0.1)

5 (8.7)

10* (7.3)

15 (8.9)

25 (11.8)

Base D10, mm

0.4 (13.6)

0.6 (10.2)

0.8 (7.3)

1 (12.9)

1.5 (3.0)

Base P200, %

1 (11.5)

3 (10.0)

5 (7.3)

10 (10.3)

15 (13.7)

Subgrade P200PI

0.1 (2.4)

1 (1.2)

5 (2.0)

10 (7.3)

50 (10.0)

SatB_ini

15 (0)

30 (12.8)

50 (7.3)

70 (17.1)

80 (19.1)

SatSG_ini

60 (0)

70 (0.7)

80 (3.8)

90 (14.9)

95 (4.5)

Rinf, m/s

1×10-7(0)

1×10-6(7.3)

Tinf, hr

12 (0)

24 (7.3)

3×10-6(20.1) 7×10-6(41.1) 1×10-5(67.6)
36 (17.2)

* numbers marked as bold show the nominal value for each variable

80

48 (25.8)

60 (31.7)

Table 5.3 demonstrates the results of similar analyses for a pavement section with a 6-in.
HMA layer and a 12-in. base. In most cases, less damage is observed for the pavements with 6-in.
HMA layer than for 3-in. HMA layer, which is in line with the previous field observations (e.g.
Gaspard et al., 2007). Usually denser surface layer slows down the infiltration from the surface.
However, in some cases, the section with thicker HMA shows more damage. For instance, at
longer durations of infiltration, more water may penetrate the pavement with thick surface layer.
Therefore, thicker surface layer does not guarantee less moisture-related structural damage, and
other factors should also be taken into consideration since they are likely to affect the output.
Table 5.3: Loss of life in days (the numbers in parentheses) for a section with 6-in. HMA and 12in. base corresponding to the variations of each input parameter
Case Number
Input Parameter

1

2

3

4

5

Base D60, mm

2 (1.1)

5 (9.8)

10* (6.7)

15 (6.9)

25 (8.7)

Base D10 , mm

0.4 (14.9)

0.6 (12.3)

0.8 (6.7)

1 (7.3)

1.5 (6.2)

Base P200, %

1 (5.4)

3 (13.8)

5 (6.7)

10 (10.3)

15 (10.6)

Subgrade P200PI

0.1 (3.3)

1 (5.6)

5 (6.1)

10 (6.7)

50 (9.7)

SatB_ini

15 (1.8)

30 (4.2)

50 (6.7)

70 (16.8)

80 (6.9)

SatSG_ini

60 (1.4)

70 (1.7)

80 (1.6)

90 (6.7)

95 (7.6)

Rinf, m/s
Tinf, hr

1×10-7(0) 1×10-6(6.7) 3×10-6(11.2) 7×10-6(19.8) 1×10-5(21.5)
12 (0)

24 (6.7)

36 (10.6)

48 (19.5)

60 (31.8)

* numbers marked as bold show the nominal value for each variable

Data-Driven Modelling
The High-Performance Computing (HPC) facility at The University of Texas was utilized
to generate a sufficiently large database of pavement responses to flooding events. More than 2400
permutations of the eight inputs were randomly generated and fed into the computational engine
installed on HPC. The input parameters were uniformly distributed within the following ranges:
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2 mm < D60 < 30 mm; 0.4 mm < D10 < 1.5 mm; 1% < base P200 < 15%; 0.1 < P200PI < 50;
15% < SatB_ini < 80%; 60% < SatSG_ini < 95%; 12 hr < Tinf < 60 hr; and 10-7 m/s < Rinf < 10-5 m/s.
The histogram of the output variable, i.e. the loss of life, for a section with 3-in. HMA and
12-in. base is illustrated in Figure 5.6. Around 15% of the input combinations resulted in
negligible, near zero, loss of life due to a variety of reasons. For instance, low infiltration rate and/
or short infiltration time will not impose substantial saturation, and thus structural damage to the
pavement is minimal. On the other hand, very low-permeable base layer can resist water infiltration
to some extent. Therefore, the resulting loss of life would be insignificant in this case as well.
Nevertheless, prolonged inundation will ultimately saturate such pavements; and if this happens,
the pavement will suffer profound structural damage since the drainage may take up to several
weeks. These cases should be carefully studied to determine the best ways to minimize pavement
damage. On average, a loss of life of 10 days are observed; but it is likely for the pavement to
experience a loss of life up to 40 days due to a single flooding event. The repetition of such events
over the course of pavement’s life may accumulate a noticeable flood-related damage which calls
for early maintenance and rehabilitation. These observations are for pavements where the bulk of
the strength is from the base layer (and not from the surface layer). Moreover, if the base is cementtreated or stabilized, then these observations might not hold true.
The generated database was used to develop data-driven models that enable the users to
estimate the response of pavements to flooding almost instantaneously. A feed-forward artificial
neural network with 15 neurons in its hidden layer was selected for this purpose. Out of the entire
dataset, two 10% sets, each containing 240 data samples, were employed for validating and testing
the performance of the trained neural network. The remaining portion of the data samples, 1920 in
total, were used for training of the network. Several neural networks with that architecture were
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built and trained with the available data to reach a desirable level of accuracy at training, validation
and testing stages.

Figure 5.6: Histogram of loss of life due to flooding from 2400 hydromechanical analyses.
To further investigate the developed network, 110 data samples with randomly generated
inputs were analyzed with the computational process. Subsequently, the developed neural network
was used to make predictions from the same inputs. Since these data samples were not previously
employed during the training/validation/testing phases, they can serve as a measure to evaluate
accuracy of the neural network’s predictions. Figure 5.7 compares the neural network outputs with
the outputs from the numerical analyses. The mean absolute error (MAE) for the neural network’s
predictions shown in Figure 5.7 is 4.1 days which seems preliminarily adequate for network-level
purposes.
Further assessment of the neural network was carried out through monitoring its responses
to the variations of each input variable when the other inputs were set to fixed values. Figure 5.8
confirms the acceptable functionality of the neural network since the trends are aligned with the
expected physical behavior of pavements. For instance, the loss of life decreases as D10 of base
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increases, which is equivalent to higher permeability. Moreover, the observed trends have a good
agreement with the outcomes of the numerical analyses shown in Table 5.1 for the same section.
Figure 5.8 suggests that the developed neural network is able to grasp the trends associated with
the hydro-mechanical behavior of pavement sections after flooding.

Figure 5.7: Neural network’s prediction error compared to results of numerical analyses.
Summary and Conclusions
This chapter summarizes a study conducted to develop a computational tool for quantifying
the loss of life of inundated pavement structures. The tool takes advantage of sequential numerical
modeling of the hydraulic and structural responses of the pavement. The results of this numerical
modeling were partially validated with field measurements where a desirable agreement was
observed. A relatively large database was then generated that was used for developing data-driven
models. The key findings of this study are summarized in the following:
1. A computational algorithm was utilized to minimize the need for executing several finite
element structural analyses. This method considerably decreases the time of analysis
without compromising significantly its accuracy.
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Figure 5.8: Variations of loss of life predicted by neural network due to changes of each input
when other inputs are set to fixed values; numerical results are shown in Table 5.1.
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2. Creditable chance of loss of life up to 40 days exists for some pavement sections because
of one flooding event. Considering the number of floods and heavy rainfalls that might
occur during the life span of the pavement, highway agencies should properly address the
corresponding loss of life of sections in their pavement management system.
3. Low permeability of base layer, when D10 is low and/or P200 is high leads to longer
saturation period which in turn causes more intense damage to the pavement. On the other
hand, less permeable base may also function as a barrier to the infiltrating water and thus
decrease the amount of the moisture-related damage. Specific analysis is required for each
pavement section since other factors, such as the infiltration rate and time, initial saturation
profile and plasticity of subgrade material, may affect the response of pavements as well.
4. Pavements with thicker HMA undergo less damage (loss of life) compared to those with
thin surface layer. This finding is in line with previous observations of flooded pavements
in Louisiana.
The computational process seems reasonable and can be effectively used to generate a more
extensive database for development of reliable data-driven models in future. These models, if
trained properly, have the capability of making sensible predictions at a substantially lower
computational effort, which is ideal for network-level decision making purposes.
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Chapter 6: Influence of Flooding on Remaining Life of Flexible Pavements
Using Data-Driven Models
Introduction
Calculating the response of pavement structures to heavy rainfalls and flooding events
using numerical approaches is tedious and hence not suitable for network-level analyses. Instead,
a database with adequate number data points can be developed for more convenient evaluation of
post-flood behavior of various pavement sections. The computational prototype introduced in
Chapter 5 is an appropriate tool to generate such a database. In this chapter, a database
encompassing different pavement types and material properties is generated. The output feature of
the data points is the estimated pavement’s loss of life as explained in the previous chapter. Nine
pavement geometries are considered in this study. Each geometry is composed of a choice of base
and surface asphalt layer thickness. For each pavement geometry, an accurate ANN model is
developed. Subsequently, a comprehensive model is constructed to include all types of pavement
geometries. This model can be used as a basis for prompt decision making for a network of roads
which is periodically subject to rainfalls and/or flooding events.
Generating the Database
As discussed in Chapter 5, eight parameters, namely D60, D10 and P200 of the base
aggregates, P200PI of subgrade soil, SatB_ini and SatSG_ini, Rinf and Tinf, are required as inputs for
predicting the pavements’ loss of life due to surface infiltration. Nine permutations of base/asphalt
layer thicknesses were considered to represent various geometries of flexible pavements
encountered in practice. To that end, three surface layer thicknesses, namely thin (3 in.),
intermediate (6 in.), and thick (9 in.) were combined with three base thickness, namely thin (12
in.), intermediate (15 in.), and thick (18 in.). The datasets are named with two numbers, indicating
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the thickness of asphalt layer and the underlying base, respectively. For instance, dataset 3-15
contains the results of numerical analyses for the pavement with 3 in. asphalt and 15 in. aggregate
base layers.
For each pavement geometry, random permutations of the eight inputs were generated
within the ranges given in Table 6.1. Subsequently, numerical analyses were performed using the
computational tool introduced in Chapter 5 to develop ANN models as explained in the following
section. The size of dataset for each pavement geometry was controlled by satisfactory
performance of the ANN model, i.e. the capability of making reasonable predictions for unseen
data of the test set.
Table 6.1: The ranges of input parameters in the generated database
Range
Parameter

Unit

Min

Max

D60

mm

2

30

D10

mm

0.4

1.5

base P200

%

1

15

P200PI

-

0.1

50

SatB_ini

%

15

80

SatSG_ini

%

60

95

Rinf

m/s

1×10-7

1×10-5

Tinf

hr

12

60

Table 6.2 shows the mean and standard deviations (numbers in parentheses) of different
components of the nine datasets. The eight inputs have fairly similar statistical distribution. Among
these randomly generated input parameters, infiltration rate (Rinf) shows the most pronounced
variations. This should be kept in mind when comparing the outputs since variations of Rinf may
88

results in substantial change in the response of pavement (quantified in terms of loss of life). The
mean values of loss of life for each case are shown in Figure 6.1. For a pavement with a given base
thickness, the thinner asphalt layers will result in higher levels of moisture-related damage.
Table 6.2: Mean (and standard deviation) of the input parameters
AC
Base
Thickness Thickness
(in.)
(in.)

Input Parameter
D60

D10

base
P200

P200PI

SatB_ini SatSG_ini

Rinf

Tinf

3

12

15.57 0.96
8.08
17.39
0.48
0.74
3.12×10-6
34.16
(8.18) (0.31) (4.05) (12.73) (0.18) (0.09) (1.83×10-6) (14.37)

3

15

14.63 0.96
8.07
18.34
0.48
0.69
3.70×10-6
32.60
(8.73) (0.31) (4.01) (13.23) (0.19) (0.08) (1.88×10-6) (13.95)

3

18

14.33 0.97
7.97
18.08
0.49
0.71
3.98×10-6
31.79
(8.77) (0.31) (4.16) (13.94) (0.19) (0.09) (1.69×10-6) (14.02)

6

12

14.62 0.98
7.80
18.88
0.48
0.74
3.46×10-6
32.71
(8.44) (0.31) (4.04) (13.34) (0.18) (0.09) (1.57×10-6) (13.80)

6

15

13.68 0.95
8.14
18.53
0.47
0.70
3.58×10-6
30.10
(8.46) (0.31) (4.06) (12.32) (0.19) (0.08) (1.97×10-6) (13.45)

6

18

13.28 0.94
8.26
17.83
0.47
0.72
4.58×10-6
28.71
(8.60) (0.32) (4.07) (13.17) (0.19) (0.09) (1.76×10-6) (13.22)

9

12

17.87 0.85
8.78
19.23
0.48
0.80
5.37×10-6
42.69
(7.57) (0.32) (3.90) (12.14) (0.19) (0.10) (1.74×10-6) (11.63)

9

15

19.42 0.77
9.49
20.14
0.48
0.80
5.69×10-6
46.01
(6.94) (0.29) (3.69) (12.48) (0.19) (0.10) (1.54×10-6) (10.30)

9

18

19.41 0.72
9.67
20.09
0.48
0.80
6.91×10-6
(6.82) (0.27) (3.69) (12.32) (0.19) (0.10) (1.61×10-6)

46.30
(9.82)

The results of the Spearman’s correlation analysis performed on the nine datasets are
summarized in Table 6.3 to demonstrate the significance of the eight input parameters on the loss
of life of inundated pavements. Infiltration rate and time (duration) as well as the initial degree of
saturation of subgrade exhibit the highest correlation coefficients among the eight input
parameters. In all cases, the correlation coefficients are positive meaning that an increase in these
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parameters, i.e. SatSG_ini, Rinf, and Tinf will increase of the loss of life and vice versa. This feature
of the database is in line with the physical behavior of pavement structures and may be regarded
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Figure 6.1: Mean loss of life and infiltration rate of the nine generated datasets.
Table 6.3: Summary of Spearman’s correlation analysis for the nine generated datasets
AC
Base
Thickness Thickness
(in.)
(in.)

Input Parameter
D60

D10

base
P200

P200PI

SatB_ini SatSG_ini

Rinf

Tinf

3

12

-0.03

0.03

-0.04

0.20

0.07

0.21

0.46

0.32

3

15

-0.02

0.17

-0.06

-0.04

0.11

0.26

0.21

0.36

3

18

-0.02

0.13

-0.10

0.07

0.08

0.12

0.34

0.46

6

12

0.03

0.14

-0.11

0.01

0.08

0.30

0.31

0.40

6

15

-0.05

0.16

-0.04

0.10

0.08

0.07

0.46

0.35

6

18

-0.07

0.22

-0.17

0.11

0.16

0.21

0.25

0.53

9

12

0.09

-0.12

0.06

-0.02

0.03

0.29

0.40

0.20

9

15

0.07

-0.15

0.07

-0.10

-0.03

0.28

0.34

0.21

9

18

0.05

-0.13

0.04

-0.18

0.00

0.29

0.31

0.20
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One interesting observation form Table 6.3 is that D10 of base layer has positive, and P200
has negative correlation with the loss of life when the thickness of asphalt layer is 3 or 6 in. This
implies that higher D10 and lower P200, which are synonymous with more permeable base
according to Equation 5.2, result in higher levels of damage to the pavement when the surface
layer is relatively thin. Conversely, D10 of the base layer has negative, and P200 has positive
correlation with the loss of life when the thickness of asphalt layer is 9 in. Similar to what just
discussed, this implies that pavements with thicker surface layer will undergo more damage due
to flooding when the base layer becomes less permeable. In other words, both permeable and
impermeable base can serve in favor of (or against) moisture-related damage depending on other
factors including the thickness of surface asphalt layer.
ANN Models
Machine learning (ML) techniques have been extensively used to develop efficient datadriven models. Figure 6.2 sketches key steps for construction of a dependable ML model. The raw
data need to be pre-processed before being used in the training/validation/testing cycle.
Particularly, the test (or blind) subset is used to evaluate the prediction capability of an ML model.
Interested readers may refer to the computer science literature for detailed discussion on various
ML techniques (e.g. Mohri et al., 2012; Alpaydin, 2014).
Table 6.4 compares the predictions from four different regression learners (data-driven
models), namely ANN, support vector machine (SVM), decision tree (DT), and linear regression
model (LRM), trained and evaluated for the dataset 3-12. These models were constructed using
built-in MATLAB ® toolboxes. To achieve more generalized models, 10-fold cross validation was
performed when developing the regressors shown in Table 6.4. The performance measures shown
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Figure 6.2: Flowchart of supervised learning ML regressors.
in this table, i.e. correlation coefficient (R) and root mean squared error (RMSE) are defined with
the following equations:



n

R=

i =1



n

i =1

RMSE =

( yim − y m )( yic − y c )

( yim − y m )



n

i =1

2



n

i =1

( yic − y c )

(6.1)
2

( yim − yic ) 2

(6.2)

n

where, ym is the actual (target) value; yc is predicted output; and n is the number of datapoints.
According to Table 6.4, the ANN more accurately estimates the output compared to SVM, DT and
LRM. Therefore, ANN models were developed for the other datasets as well.
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Table 6.4: Comparison of the four ML regressors developed for dataset 3-12
Regression Learner

R

RMSE

ANN
SVM
Linear Regression
Decision Tree

0.90
0.79
0.74
0.70

7.74
10.16
11.15
11.75

Typical architecture of the ANN models used in this study is shown in Figure 6.3. The
number of neurons in the hidden layer, N, varies for each dataset. A network with too few or too
many neurons in its hidden layer would be prone to underfitting and overfitting, respectively
(Géron, 2017). Therefore, a wide range N values, from 5 to 40, was considered for each dataset,
and the one with best performance on both training and test subsets was selected. On the other
hand, several training algorithms may be used when developing ANN models. Bayesian
Regularization (BR) algorithm was adopted herein since it provides better generalization with a
given training dataset and minimizes underfitting/overfitting issues (Burden and Winkler, 2008).
The variations in the estimated outputs from the ANN models against the outcomes of
numerical analyses are shown in Figures 6.4 through 6.12. For all nine datasets, the ANN models
can mimic the numerical analysis with adequate accuracy. Therefore, the ANN models can be used
to predict the loss of life at a significantly lower computational time and effort compared to the
traditional numerical analyses. The performance of ANN models is noticeably better in case of
pavements with 9 in. surface layer, perhaps because the loss of life falls in a narrower range. On
the other hand, when the output is more scattered, i.e. in case of 3 in. and 6 in. asphalt layers,
adding to the number of data points can help to improve the performance of the data-driven model
(Goodfellow et al., 2016).
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Figure 6.3: Typical architecture of ANN models used in this study.

Figure 6.4: Predictions of ANN model (with 30 neurons in its hidden layer) versus the calculated
loss of life for dataset 3-12.
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Figure 6.5: Predictions of ANN model (with 21 neurons in its hidden layer) versus the calculated
loss of life for dataset 3-15.

Figure 6.6: Predictions of ANN model (with 22 neurons in its hidden layer) versus the calculated
loss of life for dataset 3-18.

Figure 6.7: Predictions of ANN model (with 23 neurons in its hidden layer) versus the calculated
loss of life for dataset 6-12.
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Figure 6.8: Predictions of ANN model (with 18 neurons in its hidden layer) versus the calculated
loss of life for dataset 6-15.

Figure 6.9: Predictions of ANN model (with 17 neurons in its hidden layer) versus the calculated
loss of life for dataset 6-18.

Figure 6.10: Predictions of ANN model (with 10 neurons in its hidden layer) versus the
calculated loss of life for dataset 9-12.
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Figure 6.11: Predictions of ANN model (with 19 neurons in its hidden layer) versus the
calculated loss of life for dataset 9-15.

Figure 6.12: Predictions of ANN model (with 15 neurons in its hidden layer) versus the
calculated loss of life for dataset 9-18.
Global Model
The ANN models developed in the previous section are applicable to specific geometries
only. The next step was constructing a global data-driven model which can be used for pavements
with different layer thicknesses. To that end, the nine datasets were combined to form a
comprehensive database of the all investigated pavement geometries. The comprehensive database
comprises of 23905 data points. 10 percent of these data, 2391 points, were selected randomly and
used as the blind test set.
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Among the ML methods used in practice, decision tree regressors are suitable for noisy
and scattered training data. However, they are also likely to make noisy predictions. Several
improvements, e.g. boosting and random forest, have been proposed to improve this predictor
(Breiman, 2001). Boosting approaches in machine learning aim at reducing overall error, i.e. bias
and variance errors, and achieving more generalized models (Schapire, 2003). Extreme gradient
boosting (XGB) algorithm has been recently developed and employed successfully in numerous
applications (Chen and Guestrin, 2016). In this study, regular ANNs might not be suitable datadriven models for the comprehensive database since it has two discrete inputs, i.e. the thicknesses.
Instead, XGB was selected for predicting the loss of life of inundated pavements with various
geometries. The global XGB model was implemented using Scikit-learn module, v0.19.1, for
Python ® (Pedregosa et al., 2011).
Shown in Figure 6.13 are the predictions of the global XGB model against the loss of life
obtained from the numerical analyses. Mean Absolute Error (MAE) of the predictions shown in
this figure is 3.98 days which seems adequate especially for network-level applications. The XGB
model can be further validated and/or calibrated with field data of inundated pavements. Owing to
their promising results, this study concludes that data-driven models can be efficiently used for
prompt and reliable estimation of pavements’ response to inundation.
Some simplifying assumptions were made when the computation engine was developed as
explained in Chapter 5. For instance, the asphalt layer was assumed to be impervious, or partial
functionality of the drainage pipe and material anisotropy were not considered. More realistic
modeling of pavement behavior requires incorporation of those factors into the analyses. One
simple approach would be adding to the number of inputs (e.g. permeability of asphalt layer, or
the degree of anisotropy of aggregates). However, this addition results in exponential growth of
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the corresponding database, the so-called curse of dimensionality (Géron, 2017). Alternatively, the
influence of such factors may be considered by performing water movement analyses similar to
the special cases discussed in Chapter 3, and then, comparing the saturation profile of such cases
with the standard model. These saturation variations, in turn, will be reflected in the structural
performance of the pavement. Accordingly, correction/adjustment factors can be developed and
applied to the loss of life obtained from the original (or standard) analysis.
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Figure 6.13: Predictions of the global XGB model versus calculated loss of life values for the
blind dataset of various pavement geometries.
Summary and Conclusions
Several numerical analyses were conducted on pavements sections with different material
properties, initial/boundary conditions and geometries using the HPC at UTEP to generate nine
datasets. Subsequently, ANN models were trained for each dataset assuming the material
properties, and initial/boundary conditions as inputs, and the loss of life of the inundated pavement
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as output. To expand the model to pavements with different geometries, an XGB model was
developed using a global database composed of the nine datasets. The following conclusions and
recommendations can be offered based on the results of this study:
1. ANN models provide estimates with good accuracy, especially for the pavements with
thicker asphalt layers. ANNs, and possibly other data-driven models, are useful tools
for predicting post-flood behavior of pavements considering the low computational
effort required to utilize them.
2. The models developed in this chapter are not the “final products”. The purpose of this
study was to investigate the potential of using data-driven models in lieu of tedious and
time-consuming numerical analyses. Like other data-driven models, the models
developed herein can be further improved by generating more data points, fine-tuning
the models, and preprocessing the training data.
3. The XGB model for various layer thicknesses seems promising but it needs to be
validated/calibrated with field data. This model will be able to provide highway
agencies, cities and other officials with the response of pavement sections in their
networks to inundation and heavy rainfalls in real time.
4. Several simplifying assumptions, e.g. impervious asphalt layer, were made when
performing the numerical analyses and generating the database. Instead of adding to
the number of inputs, which impacts the prediction capability of the data-driven
models, it is recommended to modify the trained model through adjustment factors.
Such factors can be obtained by comparing the corresponding hydraulic model with the
standard (simplified) model.
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Chapter 7: Summary, Conclusions, and Recommendations for Future Studies

This chapter closes the dissertation by summarizing the research effort that was done,
restating the significant conclusions and making some recommendations for future studies.
Summary
Major contributions of this study can be listed in the following items:
-

Existing computer models for water movement in porous media were reviewed and
assessed. Some of these models, such as VADOSE/W and SEEP/W, were evaluated in
more detail. The finite difference program VS2DI, which was chosen for this study,
was validated with other FEM models as well as experimental data.

-

The hydraulic model was integrated with the FEM structural analysis (IntPave) model
to create a computational tool for evaluating the behavior of pavement sections
subjected to surface infiltration.

-

The combined hydromechanical analysis was verified with FWD data measured for an
inundated roadway.

-

Each hydromechanical model is composed of one hydraulic analysis, to give saturation
profile over time, and several structural analyses at different time steps. A mathematical
algorithm was utilized to reduce the run-time of combined analyses.

-

Key features that are required to quantify the impact of flooding on pavement
structures, formulated as loss of life.

-

Using the high-performance computing facility, a database of 23905 cases was
generated.
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-

Different machine learning models were tested on the database. ANN models were
shown to be of adequate prediction accuracy for separate scenarios. For the
comprehensive database, including all geometry configurations, an XGB model was
able to reasonably estimate the loss of life.

Conclusions
The following conclusions are drawn based on the findings of this dissertation:
-

The numerical model used for unsaturated flow in pavements seems promising with
credible results similar to more sophisticated FEM tools. Its results are well comparable
with experimentally measured data. It can be customized for future studies of
pavements’ hydraulic behavior since it is open-source and freely available to the public.

-

The gradation of aggregate base materials and rainfall intensity and duration are the
most significant factors that influence water movement within the pavement structures.

-

The simulated rainfall events, regardless of their intensity and duration, had short-term
influence on the hydraulic behavior of pavements. In other words, the saturation profile
returned to its normal at a relatively constant pace. On the other hand, the gradation of
base material had long-term influence on the hydraulic behavior of pavements. In other
words, returning to the pre-flood situation could be delayed drastically when the base
material contains high amounts of fines.

-

Two critical parameters, namely “the critical infiltration rate above which the drying
time of pavement is postponed substantially”, and “the time required for the base layer
to become fully saturated” seem to be characteristics of inundated pavements. Hence,
they were proposed to be regarded as performance indicators for the analysis and design
of such pavements. Further experimental work is required to confirm this observation.
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-

Pavements with similar structures but different drainage systems and conditions may
show significantly different degrees of saturation. In addition, surface layer’s
conditions as well as the anisotropy of aggregate layers can influence the post-flood
water regimen and thus the saturation profiles in the aftermath of major rainfall/
flooding events.

-

Among the three drainage cases evaluated in this study, the provision of an underdrain
system was found to be the best option for minimizing the moisture-related damage of
pavements resulting from high levels of precipitation.

-

After rainfall events, pavements with fully functional drainage system dissipate the
excess moisture within a shorter period compared to those with poor and clogged
drainage structures. Accordingly, the structural capacity of pavements with appropriate
drainage recovers rapidly after the rainfall. Conversely, pavements with poor drainage
retain lower structural capacity for a relatively longer time which directly impacts
service life of the pavement.

-

Combined hydromechanical analysis of inundated pavements showed considerable
chance of loss of life up to 40 days as a result of single flooding event. This observation
highlights the importance of addressing the loss of life of due to major rainfall/flooding
events in pavement management systems.

-

Low permeability of base layer can result in more prolonged saturation period, and thus
more intense damage to the pavement. On the other hand, less permeable base may
function as a barrier to the ingress of water and help to decrease the moisture-related
damage. This seemingly contradictory observation is due the influence of other factors,
such as the infiltration rate and duration, initial saturation profile and plasticity of
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subgrade material, on the structural response of pavements to moisture intrusion.
Therefore, separate analysis should be performed to evaluate the impact of surface
infiltration on the performance of each pavement section.
-

A large database of various pavement responses, formulated as loss of life, was
generated and different data-drive models were examined on the database. ANN
models were found to be of good accuracy, especially for the pavements with thicker
surface (asphalt) layer.

-

The XGB model developed for various layer thicknesses was able to properly estimate
the hydromechanical processes. When this model should be validated and calibrated
with field data, it would be capable of real-time estimation of pavement sections
response to inundation/rainfall events.

-

Data-driven models can be very efficient substitutes to the cumbersome numerical
analyses for predicting post-flood behavior of pavements. The data-driven models
developed in this study serve as good examples; they can be fine-tuned and further
improved by generating more data samples, and preprocessing the training data.

Recommendations for Future Studies
Although the current study showed promising results, full implementation of the proposed
frameworks requires further research endeavor. The following recommendations for future
research activities can be made:
-

Field work and collecting more data associated with flooded pavements are strongly
recommended. This will be a solid basis for validation and calibration of the theoretical
frameworks proposed in this dissertation.
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-

The correlations used herein are of generic nature and may not be appropriate for all
sites and regions. The computational tools developed in the previous chapters heavily
rely on correlations. Hence, site-specific relationships which give more dependable
estimation of material properties can significantly improve validity of the results. Such
correlations can be developed in future and incorporated to the proposed frameworks.

-

The data-driven models show desirable accuracy especially for network-level purposes.
They can be even improved by adding more samples to the database, and by utilizing
hybrid ML models.

-

The computational tools developed in this dissertation should be regarded as
prototypes. Several simplifying assumptions were made for this pilot study. More
realistic evaluations of post-flood behavior of pavements pertain to taking more factors
into account. However, it is not recommended to add to the number of input parameters
since it lowers the efficiency the data-driven models. Instead, correction/adjustment
factors can be applied to the standard model’s output. Development of such factors, via
comparison of modified numerical models with the simplified model, can be subject of
a new research.

-

A hydrological study is advised to have better representation of future flooding events
in terms of surface infiltration. Incorporation of a hydrological model with the proposed
frameworks will help network owners and planners to update their pavement
management systems well ahead of time.
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